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ABSTRACT
THE COMPLETE HUMAN GENOME SEQUENCE has been resolved for more thana decade, yet the fraction that is biologically functional remains uncertain.
Classical genes encoding proteins compose less than 2% of the sequence, while the
majority is transcribed in dynamic and specific patterns during differentiation and
development. Hence, the pervasive nature of mammalian transcription lies in stark
contrast to its functional annotation. The key to resolving this discrepancy likely
resides in the structural and functional analysis of the extensive non-protein cod-
ing regions of the genome, which scale proportionately to organismal complexity
throughout metazoan evolution. Moreover there is increasing, albeit still limited,
evidence that non-protein-coding RNA transcripts arising from the genome convey
a multitude of functional roles in the cell, primarily in the regulation of epigenetic
processes.
This thesis investigates the structures of RNA molecules encoded in mam-
malian genomes, with the aim of characterizing the biological foundation of the
expansive genomic landscape of undetermined function. In the first part of the
thesis I describe the structural predictions of non-protein coding RNAs involved in
the regulation of mammary development, breast cancer, melanoma, and mitochon-
drial disease. These findings support the idea that non-protein coding portions of
mammalian genomes may indeed convey function through RNA structure, and are
presumably therefore subject to evolutionary selection. However, these non-coding
regions only display patchy evidence of sequence conservation, consistent with
observations that less thanv10% of the mammalian genome sequence is conserved
throughout evolution. These studies do not consider RNA structure conservation,
which adheres to distinct evolutionary dynamics than when the function of a given
locus is derived from sequence constraint alone. Indeed, genomic loci that function
through RNA structure display greater evolutionary plasticity than, for instance,
protein-coding regions as mutations may be incorporated more liberally, so long
as they maintain base-pairing in the entailing structure. Past reports premised on
evaluating RNA structure conservation are limited in the breadth of sampled loci
and produce an unsettling amount of false positives and divergent predictions.
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I address these methodological impediments in the subsequent portions of this
thesis through the development of an algorithm for benchmarking the performance
of RNA secondary structure prediction. Two refined, energy-based consensus
structure prediction algorithms (RNAZ and SISSIZ) were tested on a broad set
of true positives that reflects experimental methodologies, which enables indepen-
dent performance evaluation under variable parameters. The results expose the
complementary nature of both algorithms, highlighting SISSIZ’s strength at detect-
ing evolutionary conserved RNA structures where sequence conservation is limited.
I subsequently describe the elaboration of a hybrid algorithm for massively
parallel, comparative genomic screens of RNA secondary structure conservation
based on the optimal performance range of each tested algorithm, as determined
from the aforementioned benchmarking. When applied to consistency-based multi-
ple genome alignments of 35 mammals, this approach confidently identifies over 4
million evolutionarily constrained RNA structures using a conservative sensitivity
threshold that entails a false discovery rate of 8.1%, a historic low for such analyses.
These predictions comprise 13.6% of the human genome, 88% of which fall out-
side any known sequence constrained element. The findings divulged in this thesis
represent a lower bound; extrapolations suggest that over 30% of the genome is un-
der natural purifying selection for RNA structure, consistent with other indices that
suggest that a large proportion of the mammalian genome is functional. The ex-
tensive set of functional transcriptomic annotations presented in this thesis provide
a comprehensive resource to aid in uncovering the precise molecular mechanisms
underlying complex diseases, development and evolution, as well as the beginnings
of a potential basis for parsing structure-function relationships in the vast numbers
of noncoding RNAs expressed from mammalian genomes.
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“The successive discoveries of introns, catalytic
RNA, and RNA editing have fundamentally changed
our conception of the functionality of macro-
molecules and the manner in which genetic informa-
tion is expressed.”
Robert Cedergren
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Introduction
FOR HALF A CENTURY, protein-centric convictions predicated on the centraldogma of molecular biology have dominated the discipline. The recent com-
pletion of multiple sequencing projects revealed that protein-coding sequences
encompass only a minute fraction of the genomic landscape of higher eukaryotes.
It is now apparent that the human genome is composed of less than 2% protein-
coding sequences (Lander et al., 2001). Thus, either most of these genomes are
composed of superfluous DNA submitted to neutral evolution, or they conceal addi-
tional genetic information overlooked by conventional presumptions. Correlations
of non-coding genomic ratios and developmental complexity (Taft et al., 2007)
in conjunction to the presence of constrained sequences outside protein-coding
regions and throughout tetrapod evolution support the latter premise (Baira et al.,
2008; Bejerano et al., 2004; Stephen et al., 2008).
The classical role of RNA in the central dogma is the transmission of hered-
itary information from DNA to specialized protein effectors in the cell. In this
perspective, it would seem natural to assume that “junk” DNA has caulked the
genomic gaps ensuing from natural selection. But should these sequences truly be
classified as junk? Mounting evidence from full-length cDNA libraries and serial
analysis of gene expression tags evoked that many RNA transcripts are produced
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from intergenic regions with no known or predicted open reading frames (Carninci
et al., 2005; Goffeau, 1996; Numata et al., 2003; Okazaki et al., 2002; Velculescu
et al., 1997). These findings were further substantiated by high-resolution tiling
arrays, indicating that the majority of the human genome is transcribed at some
level during development (Birney et al., 2007; Kampa et al., 2004; Kapranov
et al., 2002; Ravasi et al., 2006; Rinn et al., 2003). More recently, RNA deep
sequencing and large-scale chromatin immunoprecipitation have independently
uncovered an extensive repertoire of non-protein coding RNAs (ncRNAs), many of
which partially overlap coding exons in either direction or have no connection to
protein-coding loci whatsoever (Guttman et al., 2009, 2010; Kapranov et al., 2010;
Wells et al., 2011).
Indeed, there is an abundance of small and long ncRNAs involved in almost
all regulatory pathways, including but not limited to: chromatin modification,
transcriptional control, mRNA degradation, translation efficiency, and splicing
(Amaral et al., 2008; Berretta and Morillon, 2009; Brosnan and Voinnet, 2009;
Martin and Chang, 2012; Taft et al., 2010; Wang and Chang, 2011). There is also
mounting evidence that long non-coding RNAs (lncRNAs) act as combinatorial
ribonucleoprotein (RNP) scaffolds that, amongst other functions, guide the regula-
tion of epigenetic states in the nucleus (Chang and Rinn, 2012; Hogg and Collins,
2008; Zappulla and Cech, 2006), supporting their proposed role as key modula-
tors of complex regulatory systems and developmental ontologies (Mattick et al.,
2010a; Mattick, 1994, 2001, 2004b, 2007). Furthermore, the use of CaptureSeq
technology—custom tiling arrays targeting specific regions of the transcriptome
combined to RNA deep sequencing—reveals an abundance of bona fide processed,
low-level RNA transcripts that would otherwise be dismissed as noise (Mercer
et al., 2012). Advances in single-cell transcriptional profiling further support the
role of transcriptional diversity in defining the fate of individual cells within a tissue
or biological system (Delebecque et al., 2011). The sheer diversity of ncRNA tran-
scripts in higher eukaryotes has even prompted geneticists to reassess the definition
of a gene (Keller and Harel, 2007; Pearson, 2006).
Taken together, the strengths and weaknesses of these experimental results
are shadowed by the general perception that large-scale transcriptomic endeav-
ors generate more questions than answer. Much debate has stemmed from the
pervasive nature of eukaryotic transcription, mainly because of difficulties encoun-
tered in assigning specific functions to the bulk of the transcriptome (Clark et al.,
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2011; Kapranov and Laurent, 2012; Ponting and Belgard, 2010; van Bakel and
Hughes, 2009; van Bakel et al., 2010). In particular, the low expression levels,
rapid turnover, modest overlap of results from analogous experiments, and lack of
conservation in the majority of identified ncRNA transcripts fuel the sentiment that
such variety may be caused by random background initiation of RNA polymerase
(Babak et al., 2005; Brosius, 2005; Struhl, 2007). These simplistic conclusions
overlook or diminish certain concepts that provide substance to the role of noncod-
ing RNAs as conveyors of the dynamic regulation of genomic plasticity (Mattick,
2009). There are indeed several explanations and case studies that substantiate
this line of reasoning (Berretta and Morillon, 2009; Dinger et al., 2009; Ponting
and Hardison, 2011). In this optic, faint expression levels are more than sufficient
for localized function, especially when the latter occurs in specific tissues, cell
types, and developmental stages (Amaral and Mattick, 2008; Mercer et al., 2008,
2012). Also, contrary to messenger RNAs, the evolutionary dynamics of ncRNAs
enforce less stringent preservation of their sequence composition given that their
function may also be carried out via higher orders of structural interactions (Pang
et al., 2006), which can be misleading when looking for evolutionary indices of
functional selection. Nonetheless, accurate measures of function across the tran-
scriptome have yet to materialize as explicitly as the generation of raw sequence
data.
As a precedent to the functional annotation of ncRNAs exposed in this thesis,
this chapter introduces fundamental notions relating to the bioinformatic charac-
terization of RNA structure in general, as well as the detailed explanation of the
principal methods and algorithms employed in subsequent chapters of this work.
1.1 PRIMARY STRUCTURE OF RIBONUCLEIC ACIDS
The sequential composition of A, C, G and T/U (DNA/RNA) nucleotides defines the
primary structure of nucleic acid biopolymers. Most genomic and transcriptomic
analyses focus on this dimension as the experimental protocols and algorithms em-
ployed to study it have been utilized for several decades. This section summarizes
how primary structure analysis of mammalian transcriptomes can be used to infer
function.
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1.1.1 COMPARATIVE GENOMICS
Arguably the most important tool for studying evolutionary relationships is the
alignment of biological sequences (Kumar and Filipski, 2007; Wong et al., 2008).
By aligning a group of homologous genes or sequences, the patterns of change
can be analyzed to gain structural, functional, and evolutionary information on
their nature (Pirovano and Heringa, 2008). Although multiple sequence alignment
algorithms for relatively short input have been developed and refined for about
thirty years now, this section will focus on the particular case of aligning large
sequences of genomic proportions, given its pertinence for functional genomic
annotation. Genome-scale multiple sequence alignments encompass additional
difficulties arising from genome rearrangements, segmental duplications, pseu-
dogenes, and lineage-specific insertions or deletions (Dewey and Pachter, 2006).
Many studies have addressed the issue of synteny mapping, also referred to as
the process of generating homologous colinearity or homology maps (Blanchette,
2007). However, the next sections will focus mainly on the other aspect of Multiple
Genome Alignment (MGA)—e.g. nucleotide alignment—as this aspect is more
central to the general topic of this thesis.
The first algorithms for MGA came to light in parallel with the completion
of initial genome projects and were mainly based on BLAST and BLAST-like
programs (Altschul et al., 1990; Couronne et al., 2003; Schwartz et al., 2003).
Given some unresolved computational issues when dealing with large and complex
sequences at the time (Miller, 2001), initial multi-species efforts were essentially
progressive multiple alignments of pairwise genome alignments that are anchored
to a reference (usually human) sequence (Bray and Pachter, 2004; Brudno et al.,
2003; Margulies et al., 2003; Schwartz et al., 2003). These tools enabled the first
large-scale estimates of purifying negative selection in vertebrate genomes, with
the notable finding that the majority of constrained elements occur outside protein
coding exons (Margulies et al., 2003; Thomas et al., 2003). However, sequences
conserved in other species but not in the reference are intrinsically ignored by these
methods, which also produce inconsistent alignments caused by the choice of a
particular reference sequence. A pragmatic approach was then introduced where
whole genome alignments are broken down into small blocks of local alignments
that incorporate unique homologous sequences for all queried species (Blanchette
et al., 2004). MGAs ensuing from the threaded blockset aligner and its multiple
local alignment algorithm MULTIZ, which also implements BLASTZ (Schwartz
et al., 2003), have underpinned numerous comparative genomic analyses over the
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past decade (most reports from Section 1.1.2 for instance).
Many refined programs for MGA have since emerged (Blanchette, 2007; Ke-
mena and Notredame, 2009; Margulies and Birney, 2008). One pivotal contribution
to MGAs is a refined perception and modelling of insertions and deletions, or indels.
Since early alignment strategies are based on progressive alignment heuristics—i.e.
sequences are aligned based on their individual relatedness or according to a given
phylogeny—hierarchical biases in the positioning of nucleotides and indels are of-
ten encountered. As a consequence, individual gap-containing alignment columns
are penalized several times although they might only represent one evolutionary
event. This causes multiple independent deletions in the inferred alignment, hence
clustering deletions together to optimize the associated scoring penalties. A proba-
bilistic algorithm named PERK that implements a phylogenetic scoring function has
been employed to distinguished insertions from deletions, hence producing more
realistic, phylogeny-aware alignments (Loytynoja and Goldman, 2005, 2008). Al-
though the computational complexity of this approach is reasonable for relatively
short sequences, applying it to full-scale genomic data remains impractical.
Alternatively, genome-scale alignments have benefited from consistency-
based strategies, previously developed for smaller alignments (Do et al., 2005;
Notredame et al., 2000), which circumvent problems associated to local optima
of sub-solutions in classical progressive alignments. By comparing the sequences
being aligned with those in out-groups—sequences that have not been added
to the final alignment—PECAN implements a modified probabilistic consistency
transform objective function for large sequences (Paten et al., 2008a,b). When
combined to ENREDO, a large-scale homology mapping procedure related to graph-
based sequence assembly algorithms that considers duplications, these programs
output high-quality whole genome alignments that outperform other tools in many
aspects (Chen and Tompa, 2010; Paten et al., 2008a). For comparison, the output
of ENREDO is three orders of magnitude smaller than MULTIZ with respect to the
amount of alignment blocks produced, while the median length of aligned blocks
is over 6x longer for ENREDO (Paten et al., 2008a). This outcome is particularly
desirable for pan-genomic sliding window analyses such as those detailed in the
next section, as longer stretches of uninterrupted sequences can be queried.
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1.1.2 INFERRING FUNCTION VIA PURIFYING SELECTION
So, how much of the human genome is functional? The most straightforward man-
ner of investigating this topic is through the comparison of orthologous genomic
sequences, particularly mammalian species (Cooper and Sidow, 2003), which can
be indicative of evolutionary pressures that maintain certain genetic or biological
features; a phenomenon termed purifying natural selection. The majority of publi-
cations addressing this subject focus on primary sequence structure, however some
reports also consider less-tractable structural elements such as RNA secondary
structures (c.f. Section 1.2.3), local DNA topography (Parker et al., 2009), and
chromosome-organizing regions (Vermaak et al., 2009).
Initial estimates based on sequence conservation in pairwise alignments be-
tween mouse and human place the proportion of the human genome undergoing
purifying selection at roughly 5% even though only 40% of both genomes was
alignable (Waterston et al., 2002). These estimates are based on blocks of 50
to 100 nt that present less nucleotide substitutions, insertions and deletions than
sequences that are inappropriately assumed to be neutrally evolving (see below).
Similar analyses were conducted on MGAs from additional vertebrate species as
they became available, allowing for more evolutionary depth and, hence, better
precision (Asthana et al., 2007b; Cooper et al., 2005; Lindblad-Toh et al., 2011;
Margulies and Birney, 2008; Margulies et al., 2003, 2007; Siepel et al., 2005).
Depending on different confidence thresholds, these rate-based algorithms predict
that anywhere from 3% to 12% of the human genome is composed of blocks of
evolutionary constrained sequence (Ponting et al., 2011).
There is evidence that even more of the human genome sequence is constrained
(over 18%) when combining comparative genomics and haplotype data (Asthana
et al., 2007a). Instead of investigating rates of base substitution in alignment
columns, which are more degenerate and complementary to regions identified
through other analyses, measuring patterns of nucleotide substitution revealed that
up to 10.2% of the genome consists of evolutionary constrained sequences (Garber
et al., 2009). This estimate is almost double that advanced by other approaches,
when normalized for the same false discovery rate, thus providing direct evidence
that much more of the genome may be under purifying selection than previously
thought. However, these quantifications derive from the ENCyclopedia Of Dna
Elements (ENCODE) pilot project data, which may present biases related to the
rather systematic choice of genomic loci surveyed.
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Some significant misapprehensions arise from the majority of reported evalua-
tions of purifying selection. Most notably, the background sequences used to define
neutrally evolving regions are generally synonymous codon sites and ancestral
repeats—e.g. transposable elements that were present in the common ancestor
prior to the Cambrian radiation. Ancient repeats are assumed to be evolutionary
artifacts in the above-mentioned reports, whereas there is much evidence suggesting
that these elements are to some extent functional (Cordaux and Batzer, 2009; Ka-
mal et al., 2006), hence subject to evolutionary constraints (Pheasant and Mattick,
2007). Also, the discernable representatives of these primordial elements cannot
encompass the full scope of the selective pressures they are submitted to, as rapidly
evolving ones may be difficult to recognize or align (Ponting et al., 2011). Since
functional genomic regions are subject to variable evolutionary rates (Oldmeadow
et al., 2009), it is likely that much more of the eutherian genome is subject to
negative selection. Moreover, the quality of the underlying MGAs is too often set
aside. Through a precise probabilistic approach to genome alignment, it has been
shown that up to 15% of bases are incorrectly aligned between human and mouse
using classical heuristic algorithms for MGA (Lunter et al., 2008). Since this
corresponds to about 10 times the amount of protein coding bases in the genome,
the cogency of constrained sequence prediction is thus contentious and should be
perceived as a provisional measure. More accurate depictions of the proportion of
the genome that undergoes purifying selection are required to properly measure the
discordant mutation rates incurred by variable functional constraints.
1.1.3 ON THE INFERENCE OF FUNCTION VIA POSITIVE SELECTION
Once a given genomic locus is persuasively qualified as not subjected to purify-
ing negative selection, it cannot be dismissed as neutrally evolving straight away.
These regions can nonetheless be under positive—or Darwinian—selection, which
underpins the emergence of new phenotypes (Koonin, 2009). The latter essen-
tially consists of sequences that are evolving rapidly or that are lineage-specific.
Therefore, to properly address the matter of how much of the human genome is
actually functional, it is also necessary to investigate positive selection (Pheasant
and Mattick, 2007). The emergence of affordable high-throughput sequencing
has focused much effort on identifying Single Nucleotide Polymorphisms (SNPs)
and haplotypes associated to phenotypic traits in human populations (Kelley and
Swanson, 2008; Sabeti et al., 2007). The vast majority of these findings reveal
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statistically significant associations in genomic “dark matter” regions, highlighting
the lack of data concerning the functional annotation of ncRNAs (Katsanis et al.,
2009). Elucidating the full extent of the functional portion of the genome while
considering positive selection is a conceptually difficult problem, as signatures of
evolutionary conservation are less conspicuous in higher-order structural features
than when biological function is maintained via negative selection (Pang et al.,
2006).
REPEATS, REPEATS, REPEATS
Conventional wisdom disfavours the inclusion of repeated sequences in large-scale
comparative genomics endeavors, largely due to the fact that over 50% of the
human genome consists of repeat elements but also because of their historically
perpetuated classification as selfish or “junk” DNA (Lander et al., 2001). Their
contribution—transposable elements (TEs) in particular—to forging eukaryotic
genomes is of considerable importance (Bourque, 2009; Faulkner and Carninci,
2009; Faulkner et al., 2009; Feschotte, 2008; Smith et al., 2009). The radiation
of ALU and L1 TEs in primates are well-documented examples of lineage-specific
exaptation; these ancestral repeats have evolved to convey a variety of functional
and regulatory roles in the primate order (Chen et al., 2009; Hasler et al., 2007;
Hormozdiari et al., 2011; Xing et al., 2007). Although investigating the detailed
structural evolution of ALUs and other abundant TEs is a prodigious venture in
itself, including TE-derived sequences is an essential step to elucidating the full
extent of functional genomics.
Another category of small repeat elements intrinsic to organisms with com-
plex regulatory and developmental constitutions is termed pyknons. They consist
of variable length patterns with multiplicities above what is expected by chance
(Meynert and Birney, 2006; Rigoutsos et al., 2006). Pyknons are preferentially
associated to 3’ untranslated regions (3’UTRs), introns and coding regions of genes
with related biological functions. Furthermore, they are genome-specific, lack con-
servation between human and mouse, and are linked to multiple common disorders
and diseases in humans (Glinsky, 2009; Tsirigos and Rigoutsos, 2008). These
repeat patterns are included in most genome-scale studies without being referred
to succinctly and can thus serve as target for common regulatory networks (e.g. as
micro-RNA target sites) in the primary structure of the genome.
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1.2 SECONDARY STRUCTURE OF RIBONUCLEIC ACIDS
The sequential composition of monomers in a RNA transcript underpins its bio-
logical function. A flexible ribose backbone and single-strandedness prompt RNA
polymers to form hydrogen bonds with neighbouring bases, which is referred to
as the secondary structure of RNA. The hierarchical and modular organization
of secondary structure helices instigates the formation of higher-order structures,
which ultimately convey biological function (Cruz and Westhof, 2009; Reiter
et al., 2011). As will be overviewed in Section 1.3, elucidating tertiary structure
interactions in silico remains a computationally complex problem. Therefore,
secondary structure prediction—i.e. stacking of consecutive Watson-Crick (A:U,
G:C) and “wobble” (G:U) base-pairings—is perceived as a pragmatic compromise
for investigating the structural propensity of RNA sequences. This process is in-
formally termed folding as it is similar to a string or ribbon being folded upon itself.
Another interesting property of RNAs that function via higher-order struc-
ture formation is that they are not subject to the same evolutionary constraints
as protein-coding genes. There are several characterized ncRNA molecules that
bear little or no sequence identity among each other yet share matching structures,
e.g. tRNAs (Chan and Lowe, 2009). In many cases, ncRNAs derive their various
functions through specific structural conformations (Eddy, 2001). Hence, muta-
tions are often tolerated provided that they maintain complementary base-pairing;
an occurrence termed covariation, which is a bona fide indication of evolutionary
selection on RNA structure (Lindgreen et al., 2006). The mutational flexibility
of ncRNA allows for faster evolutionary substitution rates than proteins, entailing
discrete patterns of mutation that are sufficient to predict function (Smit et al.,
2009). In fact, measuring the substitution rate of transitions (purine/pyrimidine↔
purine/pyrimidine) vs. transversions (purine/pyrimidine ↔ pyrimidine/purine) in
alignment columns is sufficient to predict structured RNAs (Knies et al., 2008). The
evolutionary dynamics of ncRNAs complicates multiple sequence alignment and
prediction analyses as primary sequence conservation is maintained primarily for
specific interactions with ligands such as RNA-binding proteins, for instance. Stan-
dard sequence-based alignment strategies completely ignore higher-order structure
information content, hence proving to be rather futile for some ncRNA sequences
(Durbin, 1998). The next sections will highlight certain computational tools and
methodologies for predicting RNA secondary structure that attempt to surmount
these shortcomings.
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1.2.1 AB INITIO SECONDARY STRUCTURE PREDICTION
Since its origins, secondary structure prediction has evolved from maximising the
amount of base-pairs in a given sequence via dynamic programming (Nussinov and
Jacobson, 1980) to the incorporation of empirical energy rules and probabilistic
calculations (Mount, 2004). The MFOLD program predicts secondary structures
by combining base-pair complementarity and experimentally acquired free-energy
values for precise RNA structures (Zuker and Stiegler, 1981). In this approach,
complementary sequences are evaluated by a dynamic programming algorithm to
predict the most thermodynamically stable conformation, referred to as the Mini-
mum Free Energy (MFE). For example, stacked bases which form a helix structure
will contribute to lower the free-energy of a molecule, whereas a destabilizing loop
will contribute to raise the free-energy score (Mathews et al., 2004; Zuker, 1994).
Although this approach can emit sub-optimal structures, it does not compute all
possible structures within a given energy range (Wuchty et al., 1999).
As an alternative to thermodynamic predictors, the most probable secondary
structure for a given sequence can be calculated via stochastic context-free gram-
mars (SCFGs), the parameters of which are trained on known RNA structures
(Dowell and Eddy, 2004; Eddy and Durbin, 1994). A different, somewhat less
computationally expensive approach to predicting ncRNA structures is to consider
the probability that each base-paired region will form according to principles of
thermodynamics and statistical mechanics. Using a Boltzmann distribution to cal-
culate the likelihood of all possible structures, the McCaskill algorithm can predict
the most probable structure in addition to intermediate structures, base-pair opening
and slippage, and temperature dependencies (Mccaskill, 1990). This methodology
is implemented in RNAFOLD from the Vienna RNA software package (Hofacker,
2003) and can be used to create graphical representations of RNA structures and
energy dot-plots. Recent reports have combined both probabilistic and thermo-
dynamic approaches to predict structural conformations (Do and Choi, 2006; Lu
et al., 2009). However, as exemplified in Figure 1.2.1, these programs do not always
produce correct structures. This drawback is greater when the search space—i.e.
sequence length—increases, as this lowers the probability that the correct structure
is predicted.
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Figure 1.2.1: Graphical representation of RNA structure prediction.
(A) Predicted and (B) true secondary structure of a serine-tRNA obtained from the ge-
nomic tRNA database (http://gtrnadb.ucsc.edu). The prediction was made with the
RNAFOLD program from the Vienna RNA package (Lorenz et al., 2011). The highlighted
green box marks the GCU anticodon. The quintuple-stem RNA structure of serine tRNAs
is highly conserved throughout the tree of life (Lenhard et al., 1999). Helical structures are
marked as blue lines. (C) Dot-plot illustrating most probable structure (bottom half) and all
sub-optimal structure probabilities as predicted by the McCaskill algorithm in RNAFOLD
using the -p parameter (top half). The bottom half corresponds to the MFE structure rep-
resented in A. The size of the dots represents the probability of a specific base-pairing
between two positions of the input sequence, as represented on the borders of the graph.
In this example, the optimal structure is not the true structure in vivo, yet the latter can
be distinguished among the sub-optimal pairing probabilities (highlighted blue boxes cor-
respond to potential helices). The anticodon position is highlighted in green along the
bordering sequence.
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Given the pertinence of structure with respect to the function of many ncRNAs,
are strong scores resulting from RNA secondary structures predictions enough
to identify novel ncRNAs on this basis alone? Shortly after the first algorithms
for 2D structure prediction, it was theorized that functional RNAs have more
stable structures than unstructured molecules. Computational methods were con-
sequently developed to investigate this property (Chen et al., 1990). Although
initial results were promising, a thorough statistical investigation revealed that
local base-composition biases, not structural features, were responsible for biased
predictions (Rivas and Eddy, 2000). Even so, some reports suggest that when com-
bined to proper background modelling, thermodynamic stability may still be useful
for predicting functional RNAs in some measure for certain molecules (Bonnet
et al., 2004a; Clote et al., 2005). Such an approach has been used to predict valid
micro RNAs (miRNAs) that present strong local thermodynamic stability (Bonnet
et al., 2004b), and several known and novel ncRNAs in the yeast genome that were
consequently experimentally validated (Kavanaugh and Dietrich, 2009).
1.2.2 CONSENSUS STRUCTURE PREDICTION
One way to surmount some problems associated with ab initio structure prediction
from single sequences is to apply comparative approaches to maximise the infor-
mation content of the queried sequences by examining homologous sequences.
Hence, metrics based on consistent and compensatory base-pair substitutions can
be included into scoring schemes to validate predictions. This strategy is the most
popular and well studied for detecting novel structured RNAs, yet much remains
to be refined given the poor overlap of results from different tools (Lindgreen
et al., 2006; Torarinsson et al., 2008; Washietl et al., 2007). Many of the meth-
ods described below are applicable to sliding window scanning strategies, where
predictions are made for overlapping alignment blocks of a static size that are
consecutively displaced by a predefined step size.
ALIGN AND FOLD
Since ncRNAs present varying levels of sequence conservation, the ultimate al-
gorithm for inferring RNA sequence-structure evolutionary relationships is one
that simultaneously combines both dimensions. The theoretical basis for this has
been clearly formulated some time ago by David Sankoff (Sankoff, 1985). The
exponential complexity of the native Sankoff algorithm is a serious caveat for most
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applications: O(n3s) in time and O(n2s) in memory for alignments of s sequences
of length n. Several programs have since emerged which implement heuristics,
constraints or simplifications to the Sankoff algorithm in order to make them feasi-
ble for practical applications—see Gorodkin and Hofacker (2011); Gorodkin et al.
(2010); Machado-Lima et al. (2008) for recent reviews. Some recent implemen-
tations of this approach include LOCARNA (Will et al., 2007) and SCARNA (Tabei
et al., 2006). The former aligns pre-filtered, reduced base-pair probability matrices
in a manner similar to PM-COMP (Hofacker et al., 2004) and this program has
been used to classify known and predicted ncRNA candidates successfully. The
latter compares stem fragments in a Sankoff framework to generate alignments
that are comparable to other Sankoff-like algorithms, but much faster. It also has
global and local multiple alignment extensions (Tabei and Asai, 2009; Tabei et al.,
2008). CENTROIDALIGN presents an alternative Sankoff-like alignment strategy
by employing the Maximum Expected Accuracy (MEA) estimator in a sum of pairs
scoring metric (Hamada et al., 2009).
There are alternatives to the Sankoff-style algorithms for the simultaneous
alignment and folding of RNA sequences. Such alternatives rely mostly on statis-
tical learning methods to generate alignments (Dowell and Eddy, 2006; Holmes,
2005; Nawrocki et al., 2009). One interesting approach is SIMUFOLD, which em-
ploys a bayesian Markov chain Monte Carlo method to predict an optimal common
structure, alignment and phylogenetic tree (Meyer, 2007). Similarly, RNASAM-
PLER implements a heuristic for successive sampling and alignment of predicted
helical stems common to multiple sequences (Xu et al., 2007). Recently, another
Bayesian approach implementing a Gibbs sampling algorithm termed RNAG has
been reported by Wei et al. (2011). It performs RNA structure prediction from un-
aligned sequences by iterating between conditional consensus structure generation
and alignment generation using popular algorithms for these tasks. Alternatively,
the CMFINDER algorithm uses free energy parameters to fold sequences that
are then used to build a covariance model via successive rounds of optimization
through expectation maximization (Yao et al., 2006). CMFINDER has successfully
been employed in genomic screens for novel ncRNAs, as exposed in Section 1.2.3.
More recently, the CARNA algorithm performs RNA sequence-structure alignments
without limiting alignments to a single consensus, enabling the comparison of en-
tire structure ensembles (Dal Palu` et al., 2010; Sorescu et al., 2012). Furthermore,
it aligns the entire Boltzmann distributed ensemble of structures, thus enabling the
prediction of conserved pseudoknot structures (nested RNA helices).
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ALIGN THEN FOLD
Given the computationally arduous task of aligning full genomes and the availability
of such data, many algorithms take advantage of this by surveying multiple align-
ments for covariation events. The first programs that investigated this were mostly
based on statistical methods such as measuring the mutual information content of
aligned sequences (Chiu and Kolodziejczak, 1991; Gutell et al., 1992; Hofacker
et al., 2002) or structural RNA profiles derived from Stochastic Context-Free
Grammars (SCFGs) (Eddy and Durbin, 1994; Sakakibara et al., 1994). Alternative
probabilistic methods were subsequently developed which combine phylogenetic
trees and probabilistic structure modeling to model and score covariation events
across a given evolutionary history (Akmaev et al., 2000; Gulko and Haussler,
1996; Knudsen and Hein, 1999, 2003; Pedersen et al., 2006, 2004; Rivas, 2005).
Notably, EVOFOLD employs a phylo-SCFG method trained with distinct sets of
paired and single-stranded sequences to scan genomic alignments for functional
RNAs (Pedersen et al., 2006). It has been successfully applied to genomic screens,
as discussed in Section 1.2.3. The SCFG-based PFOLD (Knudsen and Hein, 2003)
has recently been modified to consider thermodynamic parameters in addition
to phylogenetic information, granting PETFOLD the advantage of smoothing the
effects of errors in the underlying sequence alignment (Seemann et al., 2008).
Furthermore, PFOLD has recently been revamped to run in parallel, thus enabling
significant improvements in execution times (Su¨ko¨sd et al., 2011).
Stochastic Context-Free Grammars are not the only means of predicting
common RNA structures from a multiple sequence alignment. In fact, their im-
plementation incurs heavy computational complexity compared to other methods.
An algorithm called DDBRNA was developed that strictly searches for covariating
base-pairs within all possible combinations for a given alignment (di Bernardo
et al., 2003). The score from the native alignment is compared to that from shuffled
alignments in order to generate a Z-score for subsequent statistical classification,
with a computational time proportional to the square of the sequence length. This
program suffers from weak sensitivity and has thus not yet been used in practical
applications. However, implementing more robust shuffling algorithms than the
permutation of single columns in randomized alignments would drastically improve
DDBRNAs predictions (Babak et al., 2007; Gesell and Washietl, 2008). Another
non-SCFG statistical approach to consensus modelling of structured RNAs has
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recently been reported that also maintains a time complexity of O(n2). TFOLD is a
proprietary software that extends the P-DCFOLD algorithm, which utilizes simpli-
fied metrics to measure conservation and covariation of palindromic subsequences
(Engelen and Tahi, 2009; Tahi et al., 2002). In addition to the high quality of
predictions reported by TFOLD, which are comparable to the best existing tools that
require O(n3) time complexity, it also considers pseudoknots without significant
increase of its time complexity. This program has yet to be utilized for genome-
wide scans.
Consensus structure prediction from multiple alignments has also significantly
benefited from thermodynamic folding algorithms. Early endeavours combine
the individually calculated thermodynamic probability matrices for each input
sequence, then align the matrices to detect a consensus structure (Hofacker and
Stadler, 1999; Luck et al., 1999). The popular RNAALIFOLD algorithm predicts
conserved RNA structures non-intuitively, yet accurately and quickly. It combines
covariation metrics with a thermodynamic energy model based on the average
Turner energy contributions of individual sequences the MFE structure from the
alignment’s consensus sequence (Hofacker et al., 2002). In contrast to the method’s
apparent simplicity, RNAALIFOLD remains one of the best consensus RNA struc-
ture predictors (Gruber et al., 2008b); a statement which is strengthened by its
algorithmic revamp addressing certain weaknesses discovered after several years of
use (Bernhart et al., 2008).
RNAALIFOLD has been used for genomic scans when combined to an align-
ment shuffling algorithm, such as that implemented in the unsupervised ncRNA
prediction algorithm ALIFOLDZ (Washietl and Hofacker, 2004). The latter is
premised on the concept that naturally occurring, conserved RNA secondary struc-
tures are more likely to present highly stable consensus structures than alignments
that do not harbour structured RNAs. It determines this likelihood from a Z-score
produced by comparing the MFE score of the consensus sequence to a normal back-
ground distribution of scores from successive randomization of the input alignment.
The same principle was extended to SISSIZ, which differs from ALIFOLDZ in the
alignment randomization procedure. SISSIZ implements a dinucleotide-controlled
alignment randomization procedure through the use of a phylogenetic substitution
model that considers overlapping dependencies and site-specific substitution rates
(Gesell and Washietl, 2008). The inclusion of dinucleotide composition in the back-
ground model was shown to increase the specificity of this approach significantly.
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Another popular ncRNA gene finder employing RNAALIFOLD is RNAZ (Gruber
et al., 2010; Washietl et al., 2005b), which employs a support vector machine clas-
sifier trained on metrics for thermodynamic stability and evolutionary conservation.
In addition to being one of the fastest programs suitable for pan-genomic scans,
the revised version of RNAZ accounts for dinucleotide-controlled shuffling in the
training step and is not limited in the depth of queried alignments.
Recently, several algorithms have been reported that employ estimators for the
optimization of common secondary structure prediction scoring functions. The
MEA metric predicts a consensus structure of maximal base-pair probability (Do
et al., 2006; Hamada et al., 2010; Lu et al., 2009), whereas the centroid metric
predicts the structure with the smallest edit distance from all suboptimal structures
in a Boltzmann ensemble (Ding et al., 2005; Hamada et al., 2011, 2009).
FOLD THEN ALIGN
Since the above-mentioned algorithms strongly depend on the quality of the queried
multiple alignment, considering structural propensities prior to sequence alignment
can certainly be beneficial in some cases, particularly when sequence identity
is below a certain threshold. This is the general premise behind aligning pre-
folded sequences. By definition, these methods require a pre-computed or known
structural annotation, which is generally performed with MFOLD (Zuker, 2003)
or RNAFOLD (Lorenz et al., 2011). Some of the first endeavours to implement
this strategy via RNA base-pair probability matrices are ALIDOT (Hofacker et al.,
1998; Hofacker and Stadler, 1999) and CONSTRUCT (Luck et al., 1999; Wilm
et al., 2008). Both varieties maximise the local overlap of base-pairs through the
associated matrices. However, CONSTRUCT considers the ensemble of suboptimal
base-pairing probabilities and includes a graphical user interface to manually refine
the alignments. RNAFORESTER uses graph theory to align tree representations
of RNA structures then align the input sequences accordingly (Hochsmann et al.,
2003). MARNA implements the general edit distance algorithm from RNA ALIGN
(Jiang et al., 2002) for pairwise structure comparisons, then employs a progressive
alignment strategy that weighs structural features during the construction of a global
alignment (Siebert and Backofen, 2005). EXPARNA consists of a fast algorithm for
predicting exact sequence-structure matches between two RNA structures that has
been developed and used to speed up more complex structural alignment algorithms
(Heyne et al., 2009).
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1.2.3 GENOME-SCALE STRUCTURAL PREDICTION ENDEAVOURS
One of the surprising conclusions of the seminal ENCODE pilot project, which
endeavoured to find all functional elements in 1% of the human genome, was the
following observation:
“[] we have also encountered a remarkable excess of unconstrained
experimentally-identified functional elements, and these cannot be dis-
missed for technical reasons.” Birney et al. (2007)
The authors allude to the vast repertoire of transcribed loci and chromatin structures
with little apparent sequence constraint, which led to the use of the term “dark mat-
ter” to qualify the vast genomic expanses of undetermined function. Interestingly,
thousands of conserved secondary structures (v2000) were predicted in unalignable
regions flanking syntenic alignment blocks between human and mouse, some of
which with experimentally confirmed expression in vivo (Torarinsson et al., 2006),
calling attention to the significance of higher structural dimensions in evaluating the
full extent of purifying selection in higher eukaryotes. Such a strategy is perhaps
more suitable for estimating the true extent of purifying selection as it reduces the
dependency on features of primary structure. However, the software that was used
(FOLDALIGN, a Sankoff algorithm derivative) is prohibitively complex for broader
evolutionary analyses. Other ventures have confirmed the aforementioned postu-
late by identifying high-confidence putative structured RNAs that do not overlap
constrained elements through complementary algorithms (Torarinsson et al., 2008;
Washietl et al., 2007).
There have been several relatively recent reports that attempt to measure the
proportion of vertebrate genomes undergoing purifying selection at the level of
RNA secondary structure. One of the first to specifically target these regions em-
ployed EVOFOLD to scan 1,181,107 aligned genomic segments of human, mouse,
rat, dog, chicken, zebra fish, and puffer fish aligned with MULTIZ, resulting in thou-
sands of novel ncRNAs with conserved secondary structures (Pedersen et al., 2006).
The predictions were limited to repeat-free, evolutionarily constrained sequences
as predicted with REPEATMASKER (Chen, 2004; Tarailo-Graovac and Chen, 2009)
and PHASTCONS, thus severely limiting the genomic search space given that less
than 10% of vertebrate genomes are evolutionarily conserved (Siepel et al., 2005).
This screen identified approximately 50,000 regions with evidence for conserved
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structure (0.07% of the human genome), including many known ncRNAs within
the highest-scoring predictions. However, based on the randomization of genomic
alignments, the predictions are accompanied by an estimated 62% false positive rate
and a bias towards compact folds with few unpaired nucleotides. More recently, a
revised application of EVOFOLD on alignments from 29 mammalian species using
the same approach identified 1,254 candidate families of homologous, structured
RNAs (Parker et al., 2011). This was performed via custom similarity measure be-
tween probabilistic models of the profile-SCFGs derived from the initial EVOFOLD
predictions, which were then extended to a graph representation to identify dense
sub-graphs as novel homologous, structured RNA families.
A similar study employed the ncRNA gene finder program RNAZ on the same
genomic regions, which also exclude annotated protein-coding exons (Washietl
et al., 2005a). Over 90,000 RNA structures were detected at a reasonable confi-
dence level (SVM RNA-class probability ≥ 50%) and around 36,000 at the 90%
level, with false discovery rates of 26% and 16%, and average sensitivities of 30%
to 50%, respectively. At the highest significance level, this screen predicts RNA
structures in 6.6% of the surveyed genomic regions (which encompass 2.8% of the
human genome), equating to 0.2% of the human genome. Both reports determined
the false-positive rates from simplistic alignment randomizations and focus strictly
on regions already bearing strong evidence of negative selection.
Alongside the ENCODE pilot project, the aforementioned authors combined
their efforts to predict functional RNA secondary structures in 1% of the human
genome using complementary programs (Washietl et al., 2007). Focusing the
search to the ENCODE loci, which were accompanied by MULTIZ alignments of
28 vertebrate species, enabled the discovery that evolutionary conserved secondary
structures are present in many genomic regions (not just highly conserved loci).
All predictions were based on a sliding window approach (120 nt with 40 nt off-
set). As the employed version of RNAZ was limited to 6 sequences, a greedy
algorithm was used to arbitrarily choose sequences that optimized the Mean Pair-
wise sequence Identity (MPI) of the sampled alignments to 80%. The combined
screens predict that roughly 2.7% of ENCODE regions harbour locally stable
structures, which equates to about 3,000 predictions when considering the revised
false-discovery rates of v50% for RNAZ, v70% for EVOFOLD, and v20% for
ALIFOLDZ. Surprisingly, the results from the different algorithms displayed less
overlap than expected. This was explained by the observation that specific biases
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for predictions emanated from each program, notably high G+C content for RNAZ
and high sequence conservation for EVOFOLD. In addition to substantial overlap
with expression data from tiling arrays, the tissue-specific expression of a subset of
structural RNA predictions was confirmed by reverse transcription PCR (RT-PCR).
A subsequent endeavor employed CMFINDER to realign MULTIZ alignment
blocks from 17 genomes (Torarinsson et al., 2008). Common stem-loop motifs
were merged via a greedy algorithm, then were filtered with an ad hoc composite
score that considers local sequence conservation. The authors chose a composite
score and a Gibbs energy threshold that entails a 50% false positive rate when tested
on shuffled alignments, which was performed by permuting alignment columns (the
same procedure used by Washietl et al. (2007)). The Gibbs energy is calculated as
the average folding energy of all sequences in the alignment when constrained to
the consensus structure. When limited to the same regions analysed by Washietl
et al. (2007), this approach predicts 4,933 conserved secondary structures, amongst
which 22% overlap with 10% of RNAZ predictions and 11% of EVOFOLDs. Only
11% of all predictions are shared between the three programs. Also, about 25% of
the alignments queried by CMFINDER present rearrangements in over 50% of the
columns with respect to the MULTIZ blocks. The observations resulting from this
work highlight the relevance of combining different prediction tools while targeting
specific ranges of sequence conservation in order to fully unravel the extent of
purifying selection in the human genome.
There have been significant advances in the field of structural RNA prediction
since these initial reports (Gorodkin et al., 2010). It should be noted that, with
the exception of the study by Torarinsson et al. that compares complete alignment
blocks (average length of 155 nt), all described reports apply some variant of a
sliding window scanning methodology on MULTIZ alignments. Hence, it is quite
possible that several predictions are overlooked due to the sliding window strategy
and the highly fragmented nature of TBA/MULTIZ alignments. Another pertinent
remark is that half of the ENCODE pilot loci are manually chosen and thus not
necessarily representative of the genomic average. Comprehensive genome-wide
scans of RNA secondary structure that exploit the contemporary wealth of compar-
ative evolutionary sequence data have yet to be published.
Regarding the characterization of novel RNA structural motifs derived from
these genome-wide screens, functional RNA candidates can be parsed into cate-
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gories based on homology of structure and sequence. Through pairwise structural
alignments, the resulting homology scores can be used for hierarchical clustering
of candidates into putative functional ncRNAs families. This approach was first
introduced in a bi-genomic comparative structure analysis on nematodes (Missal
et al., 2006), and has subsequently been refined using more sophisticated tools.
For instance, the local structural alignment program LOCARNA has performed
hierarchical clustering on input sequences to identify related RNA structures, in-
cluding known tRNAs and snoRNAs (Will et al., 2007). A similar strategy was
also employed for characterizing intergenic regions of firmicutes bacteria (Tseng
et al., 2009). In practice, any pairwise structural RNA scoring scheme can be used
for this purpose. The resulting structures can be used for profile-based homology
searches across the entire genome. Another approach consists of detecting motifs
common to functionally related sequences (Bailey et al., 2006).
1.2.4 HOMOLOGY-BASED DETECTION OF STRUCTURED RNAS
Given a structural alignment of putatively related sequences, the genome of indi-
vidual species can be scanned for homology to characterized RNA structures in
order to identify related sequences. Although sequence-based homology searches
can identify many classes of ncRNAs, structural properties should be incorporated
to identify more distantly related homologues. The various programs that exist
for this purpose can be grouped into two categories: (i) descriptor-based and (ii)
alignment or profile-based search algorithms.
Descriptor-based tools have been around for over 20 years (Billoud et al.,
1996; Dsouza et al., 1997; Gautheret et al., 1990; Macke et al., 2001; Reeder
and Giegerich, 2007). These tools are impractical for novel large-scale automated
genomic analyses as they require explicit manual description of the motif to be
searched for. It has also been reported that BLAST performs similarly to structural
motif descriptors when prior structural knowledge is inadequate (Menzel et al.,
2009). Recently, a RNA-centric modification of BLAST was reported which con-
siders the dinucleotide content of queries in a substitution matrix. Although it does
not explicitly consider RNA secondary structure, the BLASTR algorithm recodes
the input sequence using a 16 dual-letter alphabet, enabling the use of well-defined
BLAST algorithm variants for RNA search queries (Bussotti et al., 2011). An-
other alignment-based search program, which employs structural information via
posterior probabilities from the partition function algorithm, is an extension of
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PROBALIGN for local alignment screens at the genomic scale (Chikkagoudar et al.,
2010; Roshan et al., 2008; Roshan and Livesay, 2006).
The second approach, i.e. profile-based homology search, infers statistical
models from a provided alignment with structural annotations. The popular and
comprehensive INFERNAL program uses SCFGs and covariance models that can
be trained from unaligned input data to perform genome-wide scans (Nawrocki
et al., 2009). Training the CM is particularly time consuming as is the subsequent
homology search (Freyhult et al., 2007). An alternative method is ERPIN, which
performs screens from log-odds matrices corresponding to the different structural
components of an annotated sequence alignment (Gautheret and Lambert, 2001;
Lambert et al., 2005; Legendre et al., 2005). This program does not require
substantial manual intervention and its relative speed allows for iterative search
refinement, where trustworthy occurrences from initial queries are introduced into
the parent profile. This strategy increases the comparative information content of
the search profile, thus increasing the resolution of genomic queries.
The tradeoff between accuracy and efficiency is most conspicuous for these
algorithms (Freyhult et al., 2007; Menzel et al., 2009). Significant improvements
have nonetheless been published that have yet to find their way into comprehensive,
de novo genome-scale studies (Childs et al., 2009; Nawrocki et al., 2009; Parker
et al., 2011; Veksler-Lublinsky et al., 2007; Xue and Liu, 2007). The flexibility of
ERPIN, for instance, is of particular interest for detecting homologues of candidates
from de novo genomic screens, as the required alignment and consensus structure
are automatically produced from the preceding prediction.
1.3 TERTIARY STRUCTURE OF RIBONUCLEIC ACIDS
Eventually, the functional information acquired through the characterization of
helical RNA folds will become asymptotic. The ultimate nature of molecular in-
teractions in the cell is established through tertiary and higher-order structures, yet
seldom are such dimensions taken into consideration for genomic screens. Clearly
this is due to the inherent complexity of predicting RNA 3D structures in silico.
Recent progress has made the bioinformatic characterization of RNA tertiary struc-
tures feasible for larger molecules ranging from 100 to 500 nt (Popenda et al., 2012;
Reinharz et al., 2012). Indeed, RNA tertiary structure prediction is a burgeoning
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field (reviewed by Hajdin et al. (2010); Laing and Schlick (2011); Nasalean et al.
(2009); Shapiro et al. (2007)).
In addition to canonical Watson-Crick and wobble base-pairings (A:U-G:C,
G:U respectively), X-ray crystallography studies have identified many non-
canonical structures in RNA molecules (Leontis et al., 2006, 2002). Ribonucleo-
sides present three edges: the famous Watson-Crick edge, the adjacent Hoogsteen
edge (also referred to as C-H edge for pyrimidines), and the sugar edge oriented
towards the ribose in Watson-Crick base pairs. The latter two edges are often
implicated in non-canonical interactions and are generally included in the definition
of tertiary interactions. These are particularly frequent in loop regions, where
recurrent 3D motifs are known to take place. In fact, such base-pairs can also
undergo non-disruptive mutations analogously to canonical base-pairs; identical
3D motifs can occur between sequences with less than 25% sequence identity
(Schudoma et al., 2010). Parsing these nucleotide interactions into similarity—
or isostericity—matrices based on their geometrical aspects enables a tractable
manner of measuring 3D covariation events (Leontis et al., 2002; Lescoute et al.,
2005; Stombaugh et al., 2009). Remarkably, isostericity matrices have not yet been
applied to genome-wide endeavors that measure structural conservation.
In summary, there are a plethora of computational methods available for the
structural analysis of RNA macromolecules in multiple dimensions. This growing
assortment of analytical tools is a valuable asset for the functional annotation of the
diverse mammalian transcriptomic landscape. Nonetheless, their application to spe-
cific biological contexts is not straightforward and requires careful consideration of
their respective idiosyncrasies to derive accurate functional associations. In the pro-
ceeding chapters, I expose specific examples of how combining the computational
analysis of RNA structure to various biological experiments can provide insight into
the function of ncRNAs. I then present a novel analytic framework for systematic
performance evaluation of RNA consensus structure prediction algorithms premised
on evolutionary data mining. Through this benchmarking, I describe the application
of optimal algorithm parameters from two recently developed RNA gene predictors
to genome-wide multiple alignments of 35 eutherian mammals. The results suggest
that a substantially larger fraction of mammalian genomes harbour conserved RNA
structures, indicating that the amount of putative functional sequence in mammalian
genomes has been significantly underestimated.
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“Life is a relationship between molecules.”
Linus Pauling
2
Annotating RNA structure: case studies
THE DIVERSE COLLECTIONS of small and long non-coding RNAs exposed viatranscriptomic analyses face a common analytic challenge: How do these
macromolecules function? As most evidence suggests these molecules do not har-
bour the code required for peptide assembly, their functional nature can be subject
to uncertainty. Non-coding RNAs display seemingly controlled patterns of differ-
ential expression, both spatially and temporally, comparable to their protein-coding
counterparts (Amaral and Mattick, 2008; Dinger et al., 2008b; Mattick et al., 2010b;
Mercer et al., 2009, 2008; Pauli et al., 2011; Qureshi and Mehler, 2011; Ravasi
et al., 2006). Coordinated gene expression suggests molecular function, yet it does
not exclude the possibility that such molecules are artefacts of the transcriptional
machinery. Hence, additional experimental analyses are required to rule out this
possibility by revealing the precise mechanisms by which these molecules interact
with other cellular components, or by observing phenotypic traits derived from the
inclusion or exclusion of the studied molecule in a model system.
The thermodynamic propensity of RNA molecules to fold upon themselves and,
consequently, form higher-order structures is an important consideration that is of-
ten overlooked in transcriptomic studies. Such structures are eventuated by the con-
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tiguous arrangement of ribonucleosides linked through a common sugar-phosphate
backbone, which take form via intra- and inter-molecular hydrogen bonds. Al-
though the inheritable primary structure of these macromolecules is the main con-
tributor to the stability of specific structural topologies, the latter also depend on
variable and conditional environmental factors which can hinder experimental struc-
ture characterization—be it biologically or computationally. These include:
• Temperature—colder temperatures increase hydrogen bond strength and fre-
quency. This is less of a concern for in silico and in vivo models for mam-
malian species given their innate metabolic thermoregulation. Temperature
can potentially influence RNA structure formation in vitro when experiments
or manipulations are carried out at different temperatures than that in vivo.
• Ion concentration—the negative charges of phosphate atoms within RNA are
naturally repulsive. Cations such as potassium and magnesium stabilize RNA
secondary and tertiary structures by reducing this electromagnetic repulsion,
yet the exact physical basis of cation-induced compaction (magnesium in par-
ticular) remains unsolved (Chen, 2008; Draper, 2004; Stein and Crothers,
1976).
• Ligands—metabolites (e.g. riboswitches), RNA-RNA and protein-RNA in-
teractions can potentially destabilize or reinforce particular structural confor-
mations. These intermolecular bindings are common in cells and occur with
variably affinity. For example, single-stranded RNA recognition motifs are
one of the most abundant protein domains (Messias and Sattler, 2004).
• Transcription—the production of an RNA molecule occurs over time, there-
fore nascent transcripts undergo hierarchical folding which itself depends on
other factors, such as the speed of RNA polymerase elongation, including
polymerase pausing, and co-transcriptional binding to ligands (Meyer and
Miklo´s, 2004; Pan and Sosnick, 2006). In addition, co-transcriptional folding
of RNA may be crucial for the orderly formation of functional RNA modules
that would otherwise become tangled in kinetic traps (Brion and Westhof,
1997). There is recent evidence that directly links RNA secondary structure
with the transcriptional dynamics of RNA polymerase II .
• Editing—post-transcriptional modification of nucleotides can induce struc-
tural changes by altering Watson-Crick base pairings to wobble or incompati-
ble base pairs. There are known cases where RNA editing induces alterations
in secondary structure that have substantial functional impacts in the cell,
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such as alternative splice site selection (Flomen et al., 2004) and miRNA
inactivation (Kawahara et al., 2007; Yang et al., 2005).
In addition to the aforementioned factors, the molecular dynamics of large
RNA polymers prescribe that the conformational landscape of these molecules is
wide-ranging and volatile. This hampers structure prediction as a global optimum–
e.g. a predicted structure presenting minimum free energy–can occur ephemerally,
or not at all, depending on the conformational entropies of suboptimal states. In-
deed, different structures for the same sequence can share similar conformational
entropies, and thus oscillate between two or more states in dynamic equilibrium. In
fact, the longer the molecule, the more conformational states exist, thus rendering
structural annotation of long noncoding RNAs seemingly imprecise.
Furthermore, a substantial proportion of lncRNAs are spliced (Carninci et al.,
2005; Mercer et al., 2012). Predicting RNA structures across a spliced tran-
script may seem straightforward, however the splicing process involves binding
of the exon junction complex (EJC). It is associated to the splicing machinery
(spliceosome) in the nucleus, where it is deposited onto the spliced RNA at 20
to 24 nt upstream (5’) of the splice junction subsequent to formation of the lariat
intermediate—the first product of the splicing reaction (Bono and Gehring, 2011).
The EJC’s deposition site on the substrate RNA is sequence independent as the
proteins involved in RNA binding, namely eIF4AIII and BTZ, associate to the
ribose-phosphate backbone (Bono et al., 2006; Le Hir et al., 2000). It has been
shown that local RNA secondary structures can affect the site and efficiency of
EJC deposition by shifting the binding site upstream or abolishing EJC deposition
completely (Mishler et al., 2008). When spliced mRNAs are exported to the cyto-
plasm, the EJC remains stably bound to v8 nt of the host transcript until released
by the ribosome if the transcript is translated. There are few reports specifically
addressing EJC deposition on ncRNAs, which may behave differently given that
many of them are localized in the nucleus. For instance, the nuclear-localized
ncRNA XIST exhibits reduced association to the Magoh protein, a component of
the EJC responsible for nuclear export, when contrasted to mRNAs (Cohen and
Panning, 2007). The treatment of splice junctions in structural characterization of
long noncoding RNAs thus remains equivocal.
Following these considerations, endeavouring to characterize RNA structure
in long noncoding RNAs may seem futile. Nonetheless, there are faithful indices
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of secondary structures occurring in lncRNAs that can be inferred via computa-
tional approaches. Although present, the impact of the above mentioned factors is
relatively negligible when several consecutive Watson-Crick type pairings occur
in local proximity. The abundance of hydrogen bonds formed by such pairings
contributes substantially to reducing the Gibbs free energy of RNA structures, thus
providing a structural chassis upon which higher-order conformational arrange-
ments can form (Batey et al., 1999). Hairpin-like folds, in particular, are unlikely
to be destabilized; they are proposed to be the main contributors to forming RNA
modules that arise automatically and independently from the rest of the molecule
(Westhof et al., 2011). When combined to probabilistic approaches or better yet,
comparative analyses exposing compensatory mutations, RNA secondary structure
prediction remains an excellent technique for elucidating the molecular interactions
underpinning functional RNA transcripts.
In this chapter, I present computational analyses for the customized prediction
and annotation of higher-order RNA structures in specific genetic and experimental
contexts. Each section corresponds to published work (or in the process thereof)
I have co-authored as specified in the disclosure statements at the beginning of
this thesis. First, I describe the secondary structure annotation of the human
melanoma-upregulated noncoding RNA SPRY4-IT1. Next, I expose RNA structure
components of Zfas1, a regulator of mammary gland development and breast cancer
marker, followed by the structural characterization of the pregnancy-induced non-
coding RNA PINC and its alternative isoforms. Finally, I present the full structural
characterization of the human mitochondrial transcriptome through comparative
genomics.
2.1 SPRY4-IT1: A MELANOMA-UPREGULATED NCRNA
Melanoma is a malignant form of skin cancer caused by dysregulated, invasive
and proliferative melanocytes. The worldwide incidence of melanoma is increasing
faster than any other cancer and it accounts for 75% of deaths caused by skin cancer
(Rigel and Carucci, 2000). By comparing mRNA and non-coding RNA expression
levels between human melanoma cells, melanocytes (melanin-producing somatic
cells), and keratinocytes (basal dermal cells) on NCode microarrays™ from Life
Technologies, 77 long noncoding RNAs were identified to be differentially regu-
lated with statistical significance in the melanoma cells by Khaitan et al. (2011).
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The 77 candidates were then compared to RNA expression profiles from biopsy
samples of 29 melanoma patients, resulting in 4 candidates that displayed differen-
tial expression across the panel relative to melanocytes, which were subsequently
confirmed via next generation sequencing. Three of the 4 candidates are located
downstream of annotated 3’UTRs, while one lies within the second intron of the
Protein Sprouty Homolog 4 (SPRY4, Figure 2.1.1:A); a negative feedback loop
modulator of mitogen-activated protein kinase (Cabrita and Christofori, 2008). The
appropriately named SPRY4-IT1 ncRNA (GenBank accession ak024556) displayed
12-fold higher expression in melanoma cells versus melanocytes and was subse-
quently subjected to detailed functional analysis (Khaitan et al., 2011).
The structural analysis of SPRY4-IT1 was performed in two parts. First, I in-
vestigated evidence of structural conservation through comparative genomics using
RNAZ version 2.0 (Gruber et al., 2010) and SISSIZ (Gesell and Washietl, 2008).
Phylogeny aware, consistency-based multiple genome alignments from 31 euthe-
rian mammals were downloaded from ENSEMBL (ftp://ftp.ensembl.org/
pub/release-56/emf/ensembl-compara/epo_31_eutherian/data/). These
alignments, which are generated with the ENREDO-PECAN-ORTHEUS (EPO) suite,
provide the ideal input for scanning-window type genomic surveys as they present
longer, continuous syntenic blocks than the MULTIZ alignments available from the
UCSC genome browser (Paten et al., 2008a,b), which are highly fragmented and re-
quire substantial pre-processing overhead. The EPO alignments are first converted
to the maf alignment file format (one species per row, or horizontal representation)
from their native emf file format, where each row corresponds to one alignment
position (vertical representation) using an ad hoc PERL script. This allows visual-
ization of the alignments in the UCSC genome browser and facilitates subsequent
manipulation of alignment files; both SISSIZ and RNAZ are executable on maf
formatted input. Orthologous sequences to the human SPRY4-IT1 transcript were
extracted following the upload of processed alignment files to a local mirror of the
UCSC genome browser (Fujita et al., 2011; Kent et al., 2002), along with 200 bases
of flanking sequences on either end, using the MAFFRAGS program from the source
tree of the browser. The resulting multiple alignment was then realigned using the
more robust multiple sequence alignment program MAFFT, as a heuristic method
(BLASTZ) is used to align genomes with lower coverage to core EPO alignments
from ENSEMBL (Schwartz et al., 2003). The MAFFT-GINSI variant of MAFFT has
been reported to perform particularly well on RNA sequences (Golubchik et al.,
2007; Wilm et al., 2006). This realignment step enables more consistent scoring
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Figure 2.1.1: Genomic context and secondary structure of SPRY4-IT1
(A) Genome browser view of the SPRY4 locus showing the 2 annotated isoforms of SPRY4
(SPRY4.1 and SPRY4.2) and the position of the lncRNA SPRY4-IT1, within the second
intron of SPRY4.2. Arrows indicate the direction of transcription. (B) Computational predic-
tion of the secondary structure of the SPRY4-IT1 transcript, as determined by RNAFOLD
and RNASTRUCTURE. Dashed blue lines indicate predicted pseudoknots. Red base
pairs indicate common predictions between the 2 algorithms. The contour of the large
stem loop reported in the text is highlighted in red, whereas the position of 2 pyknons are
outlined in green. Structure representation generated with VARNA (Darty et al., 2009).
Modified from (Khaitan et al., 2011) ©2012 Cancer Research by AACR.
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with RNAZ, which is trained on alignments produced with a similar algorithm
(Gruber et al., 2010; Larkin et al., 2007). The resulting alignment were split into
overlapping windows as summarized in Table 2.1.1.
Table 2.1.1: Evolutionarily conserved structure prediction
of the SPRY4-IT1 locus
Predictions
Window size Step size RNAZ1 SISSIZ2
100 nt 25 nt 0 0
150 nt 50 nt 0 0
300 nt 100 nt 0 1
1 SVM-class probability ≥ 0.9
2 Z-score ≤ -3 (P ≥ 0.999)
The alignment fragments were queried with SISSIZ and RNAZ, using param-
eters -d -t -n 200 -p 0.02 and -d, respectively. For SISSIZ, these parameters
entail dinucleotide shuffling (-d), transition-transversion modelling (-t), 200 it-
erations for null model generation (-n 200), and up to 2% difference in global
sequence homology between native and randomized alignments (-p 0.02), as
measured by the mean pairwise sequence identity. With respect to the use of the
-d flag for RNAZ, this enforces the use of the program’s support vector classifier
trained on dinucleotide-controlled randomized negative control alignments, which
has been shown to improve specificity (Gruber et al., 2010).
The evolutionary structure conservation analysis reported no predictions from
RNAZ using a high-confidence threshold of 0.9 (SVM-class probability), while
only one significant prediction was reported by SISSIZ at the specified statistical
threshold (Table 2.1.1). Upon closer inspection, the conserved structure reported
by SISSIZ consists of a 3 bp stem loop helix that falls downstream of the 3’ end
of the SPRY4-IT1 transcript. Hence, there is no apparent evidence of evolutionary
conserved RNA secondary structures in the SPRY4-IT1 locus.
For the second stage of SPRY4-IT1 structure analysis, I investigated the struc-
tural propensity of the transcript via predictions from the human sequence alone
given the apparent scarcity of evolutionary conservation at this locus. The SPRY4-
IT1 genomic sequence was submitted to secondary structure prediction using two
different programs: RNAFOLD (Hofacker, 2004) and RNASTRUCTURE (Mathews,
2006; Mathews and Turner, 2006). Both of these programs implement an RNA
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partition function algorithm, which was chosen for 2 reasons: (i) it calculates the
base pairing probabilities of all possible RNA secondary structures for a given
sequence in addition to the structure with highest cumulative probability; (ii) it
is required for subsequent prediction of pseudoknots with PROBKNOT, which is
included in the RNASTRUCTURE program (Bellaousov and Mathews, 2010). The
predicted structure from RNASTRUCTURE is represented in Figure 2.1.1:B, where
compatible base pairs that were manually identified from the RNAFOLD prediction
are highlighted in red. Several helical regions are common to both algorithms,
including a large stem-loop from positions 220 to 321. The latter encompasses
one of two non-repeat associated “pyknons”, putative regulatory motifs that are
non-randomly distributed throughout the genome (Tsirigos and Rigoutsos, 2008).
Its position relative to the hairpin structure is reminiscent of pre-microRNA archi-
tecture, yet no microRNAs have been reported for this locus. In addition, three
putative pseudoknots (i.e. nested helices) are predicted by PROBKNOT, which
provides high sensitivity and positive prediction value (Bellaousov and Mathews,
2010). Pseudoknots are present in a variety of catalytically active RNAs and consist
of one of the most prevalent class of structures (Staple and Butcher, 2005).
Granted no enzymatic or chemical digestions were performed to validate the
predicted structure of SPRY4-IT1, Small Interfering RNAs (siRNAs) were designed
against this ncRNA (Khaitan et al., 2011). The relative knock-down efficiency
of siRNAs can be used to qualify the accessibility of the targeted RNA site and
thus its structural stability, where less stable structures allow for better siRNA
hybridization (Chan et al., 2009; Shao et al., 2007; Westerhout and Berkhout,
2007). The siRNA knock-down analysis revealed that the most effective siRNA
designed against SPRY4-IT1, which reduced its expression as much as 60% in two
different melanoma cell lines, targets the multi-loop region encompassing positions
590-614 where the corresponding predicted secondary structure topologies diverge
between both applied algorithms. Furthermore, 10 additional siRNAs spanning
across positions 200-650 were tested subsequent to publication of this study, of
which only 3 produced comparable knock-down efficiencies to the most effective
siRNA reported in the paper (Perera R. J., personal communication). Again, 2 of
the 3 siRNAs target sequences within the large multi-loop structure illustrated in
Figure 2.1.1:B. The higher knock-down efficiency of siRNAs targeting a region
where there is disparity between similar prediction algorithms suggests that such
regions form less stable structures, thus indirectly supporting the reliability of
predictions common to both algorithms.
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Although somewhat informative, validating RNA structure predictions is not a
common experimental application for siRNAs; they are primarily suited for gaining
phenotypical information derived from the attenuated expression of target genes.
When applied to SPRY4-IT1, siRNA mediated knock-down enabled the observa-
tion that this ncRNA functions independently of its host transcript SPRY4, whose
expression was not significantly affected by SPRY4-IT1 knock-down. Melanoma
cells transfected with anti-SPRY4-IT1 siRNAs displayed independent decrease in
cell invasion, metabolic viability and increased apoptosis. Granted that the function
of this ncRNA is independent to that of SPRY4, the fact that they both share similar
expression profiles suggests a common regulatory pathway. This is consistent with
the hypothesized role of SPRY4 as a putative tumour suppressor that inhibits cell
growth, invasion and mobility upon stable transfection (Tennis et al., 2010). The
highly structured nature of SPRY4-IT1 likely plays a key functional role as a ribonu-
cleoprotein scaffold or as a signaling molecule given its cytoplasmic localization,
which could be confirmed through experimental elucidation of associated protein
interactions.
2.2 ZFAS1: REGULATOR OF MAMMARY GLAND DEVELOPMENT
Mammary glands are one of the few tissues in mammals that go through several
cycles of development and regression in addition to normal sexual development.
This process requires coordinated regulation of gene expression to first transform
epithelial cells into the secretory alveolar cells required for production of milk,
then to remodel mammary tissue back to a pre-pregnancy state. Characterizing the
cellular processes required for normal mammary gland development is the first step
to understanding how their dysregulation leads to malignant epithethial disorders.
Similarly to what was done in the previous section, custom microarrays (Array-
Express accession A-MEXP-1958) were probed with primary mammary epithelial
cells from pregnant, lactating and involuting mice by Askarian-Amiri et al. (2011).
The arrays were covered with v9000 long noncoding RNAs (≥ 200 nt) predicted
with CRITICA (Badger and Olsen, 1999; Dinger et al., 2008a; Frith et al., 2006) and
v30,000 annotated mRNAs. This led to the identification of 388 mRNAs and 97
lncRNAs differentially expressed in the three samples (B-statistic (log-odds) > 3;
fold-change > 4). The differentially expressed mRNAs were generally consistent
with genes known or expected to be involved in mammary gland development,
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such as cell proliferation, milk production and apoptosis, suggesting that the dif-
ferentially expressed lncRNAs observed on the microarrays are also involved in
mammary gland differentiation (Askarian-Amiri et al., 2011).
In this study, the 97 differentially regulated mouse lncRNAs were then filtered
to retain those that presented evidence of transcription in the associated syntenic
region in human, resulting in 19 orthologous candidates (Askarian-Amiri et al.,
2011). The second most highly-expressed lncRNA also displayed the second high-
est differential regulation (34-fold down-regulated between lactating and involuting
samples) and consisted of a previously uncharacterized transcript (GenBank ac-
cession ak005231). It is located directly upstream of a Zinc Finger NFX-1 type
containing protein (ZNFX1) promoter in antisense orientation (Figure 2.2.1:A).
This Zinc Finger AntiSense (Zfas1) lncRNA’s expression is discordant to ZNFX1
despite a common promoter, probably due to the very highly stable nature of Zfas1.
Upon blocking transcription with actinomycin-D, its abundance remained similar
to that of the housekeeping gene GAPDH after 16 h, whereas ZNFX1 presented a
mean half-life of 50 min. Zfas1 is expressed in epithelial mammary gland ducts
and alveoli of pregnant mice, where it is localized in both the cytoplasm and the
nucleus. It was also shown to play a role in (up)regulating cell proliferation, β-
casein expression, and epithelial dome formation—an in vitro phenotypic marker
for mammary epithelial cell differentiation—when targeted with siRNAs in knock-
down experiments (Askarian-Amiri et al., 2011).
Zfas1 is host to 3 small nucleolar RNAs (snoRNAs): Snord12 (Hu¨ttenhofer
et al., 2001), Snord12b (Yang et al., 2006) and Snord12c (Vitali et al., 2003).
This class of small ncRNAs is required to guide the pseudouridylation or methyla-
tion of ribosomal and spliceosomal RNAs and their expression is dysregulated in
various cancers (Dong et al., 2009; Mourtada-Maarabouni et al., 2008; Williams
and Farzaneh, 2012). Their expression was confirmed in mouse (Snord12b and
Snord12c were previously only reported in human) where they are more abun-
dant in pregnant epithelial mammary tissue, yet uniformly expressed in lactating
and involuting tissue samples. Furthermore, their expression is nuclear-localized
and independent to the host transcript’s expression profile, suggesting that Zfas1
functions intrinsically as an RNA and not solely as a snoRNA host. Interestingly,
Snord12b displays 5-fold and 8-fold higher expression values than Snord12 and
Snord12c, respectively, in differentiated HC11 mammary epithelial cells. Indeed,
Snord12b displayed higher stability (little difference after 16h) than Snord12 (43
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Figure 2.2.1: Genomic context of ZNFX1 and its associated ncRNA Zfas1.
(A) (Top panel) The five ZNFX1 and six Zfas1 isoforms are illustrated with direction of tran-
scription indicated. The location of probes used for northern blots and in situ hybridizations
are denoted. qPCR primer locations are also indicated. (Middle panel) Vertebrate conser-
vation plot illustrates the high degree of conservation of ZNFX1 exons compared to relative
paucity of conservation across Zfas1. (Bottom panel) The enlarged Zfas1 region highlights
concordance of high conservation with the location of three intronic snoRNAs derived from
this gene. The regions to which the Zfas1 siRNAs map are also illustrated. (B) Sec-
ondary structure predictions of the C/D box snoRNAs, Snord12, Snord12b and Snord12c.
Dark/pale blue bases represent the C/C’ boxes, respectively, whereas dark/pale red bases
represent the D/D’ boxes. C’ and D’ boxes were inferred from their relative position and
sequence homology to canonical C/D boxes. Structure representation generated with
VARNA (Darty et al., 2009). Modified from (Askarian-Amiri et al., 2011) ©2012, RNA by
RNA Society.
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min half-life) and Snord12c (37 min half-life) in actinomycin-D assays.
Given that the snoRNAs harbored by Zfas1 are considered to belong to the
same family as they share some sequence similarity, I investigated their secondary
structure topologies to resolve the observed difference in stability. I employed
RNAFOLD from the Vienna RNA package (version 1.8.5) with parameters -NoLP
-p -C allowing for the exclusion of lonely base pairs, the partition function al-
gorithm, and constrained folding relative to user-defined structure annotations,
respectively. The 8 bases upstream of the D box, which were manually identified
by sequence similarity, were constrained as unpaired given their implication in
duplex formation with the methylation or pseudouridylation site in the target RNA
(Kiss-La´szlo´ et al., 1998). As illustrated in Figure 2.2.1:B, Snord12b presents an
additional stem-loop compared to Snord12 and Snord12c that both present canon-
ical C/D box snoRNA secondary structures. This distinct structural conformation,
which remains present when simulation temperature is increased from 37°C to
60°C, is hypothesized to confer Snord12b’s higher expression and stability in vivo.
The human Zfas1 locus is orthologous to mouse but presents at least 5 alter-
native isoforms. The snoRNAs are conserved in both species, however the exon
srtucture varies somewhat between them. The most prevalent human isoform
Zfas1 shares 43% mean sequence identity with mouse, suggesting that common
function between both species may stem from higher-order structural interactions.
Although the Zfas1 locus is orthologous in both species, applying a classical
sliding-window approach for detecting evolutionarily conserved RNA secondary
structures is problematic as there are several rodent- and primate-specific segments
in the alignments associated to the respective transcript isoforms. As an alternative
approach, I employed the EXPARNA program that searches for exact, collinear
sequence-structure motifs common to two RNA sequences (Heyne et al., 2009).
EXPARNA is quick and offers a sensible alternative to full structure alignment.
Figure 2.2.2 displays the output, where all identical sequence-structure motifs
between mouse and human are coloured in relation to their position. In particular,
the stem-loops coloured in red and green and the Y-shaped sub-structure in blue
are similar enough between species to serve as putative protein binding sites com-
mon to both transcripts. Although the shared sequence-structure motifs ultimately
depend on the secondary structure topology provided as input for EXPARNA, the
minimum free energy structures, as predicted by RNAFOLD, identified enough
exact sequence-structure motifs between both Zfas1 transcripts to postulate that this
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Figure 2.2.2: Interspecies comparison of Zfas1 sequence and structure.
Coloured bases indicate exact collinear sequence of substructures common to both RNAs
as perdicted with EXPARNA, which are reported as putative binding targets for interacting
molecules. Modified from (Askarian-Amiri et al., 2011) ©2012, RNA by RNA Society.
ncRNA functions intrinsically via structural elements. This is consistent with the
observation that human Zfas1 expression levels mirror those seen in mouse tissues,
therefore it likely plays a similar role in both species (Askarian-Amiri et al., 2011).
The significant down-regulation of Zfas1 in invasive ductal carcinoma compared to
normal breast in humans suggests that this ncRNA functions as a tumour suppressor
gene, potentially through its higher-order structure conformation.
2.3 PINC: A PREGNANCY-INDUCED NCRNA
The Pregnancy-Induced NonCoding RNA (PINC) is a mammalian-specific, evolu-
tionarily conserved, spliced and polyadenylated lncRNA that is highly expressed in
the involuted rat mammary gland (Ginger et al., 2006). Its expression is strongest in
the mammary alveolar cells of pregnant rats and in mouse mammary epithelial cells
that retain alveolar progenitor characteristics subsequent to involution. The PINC
transcript displays similar expression in mammary glands to the Retinoblastoma-
Associated protein 46 (RbAp46), a member of the Polycomb Repressor Complex
2 (PRC2), which is a histone methyltransferase required for targeting genomic
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regions to be transcriptionally silenced through chromatin compaction; a process
that is dependent on lncRNAs for specificity (Kotake et al., 2010; Pandey et al.,
2008; Rinn et al., 2007). Several thousand lncRNAs are known to associate with the
PRC2 (Zhao et al., 2010), which plays a central role in maintaining cellular identity
and differentiation during tissue development (Margueron and Reinberg, 2011). It
was thus hypothesized that PINC may be involved in the epigenetic regulation of
mammary gland differentiation and development.
In this study, Shore et al. (2012) report that the lncRNA PINC presents several
isoforms in mouse that are upregulated in luminal progenitor cells and the luminal
compartment during pregnancy. PINC isoforms are also downregulated following
lactogenic hormone treatment of mammary epithelial cells, which subsequently
differentiate into dome-shaped secretory cells. Overexpressing two mouse PINC
isoforms (mPINC1.0 and mPINC1.6; Figure 2.3.1:A) in these same cells resulted in
significantly less domes after 72 h of lactogenic hormone treatment, in addition to
lower expression levels of milk protein marker genes than when transfected with an
empty vector as a negative control. Mutant constructs were produced that lack the
conserved regions in the last exon of mPINC1.6 to evaluate how they impact mam-
mary gland differentiation. Overexpressing the mutant lncRNAs (termed DCR)
in the lactogenic hormone differentiation model demonstrated that the conserved
regions are required for PINC’s inhibition of differentiation, causing a dominant-
negative phenotype with increased dome formation and β-casein expression.
Consistent with these observation, siRNA-mediated knock-down of both cloned
PINC isoforms increased the differentiation of mammary epithelial cells into dome-
shaped cells. This increase in differentiation was attenuated when an endogenous
PINC isoform lacking the conserved regions (DCR2 in Figure 2.3.1:A) was also
targeted by siRNAs, suggesting that this isoform may reduce the inhibitory effect
Figure 2.3.1 (following page): Structural analysis of the PINC locus.
(A) Genomic representation of the PINC locus showing alternate isoforms DCR2,
mPINC1.6 and mPINC1.0. Evolutionarily conserved RNA structures were predicted by
SISSIz. (B-D) Circle plot representations of secondary structure interactions in mPINC1.0
(B), mPINC1.6 (C) and DCR2 (D). The likelihood of the interactions is color-coded accord-
ing to the legend (right) as computed with RNASTRUCTURE and PROBKNOT. (E-F) High
confidence localized hairpin structures that represent possible protein-interaction sites,
and their most stable 3D representations as modelled by MC-FOLD/MC-SYM. The cor-
responding regions in B-D are indicated with grey arcs outside the exon structure circles.
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of other PINC isoforms and help facilitate secretory differentiation of alveolar cells.
The inhibitory effect of PINC isoforms on lactogenic differentiation of mouse
epithelial mammary cells is likely to be caused by their interaction with PRC2
members, which was demonstrated by RNA immunoprecipitation using antibodies
against PRC2 members followed by qPCR. This interaction occurs both in vitro
and in vivo with all PINC isoforms, including the mutant construct, suggesting that
the observed dominant-negative effect in differentiation essays is not caused by loss
of PRC2 binding—an additional unknown interacting molecule may be involved
(Shore et al., 2012). Recent studies identified double-stem loop structures in the
RepA and Hes1-as lncRNAs that are thought to interact directly with the EZH2
subunit of PRC2 (Zhao et al., 2010), but whether this consists of a motif common
to all PRC2-interacting lncRNAs is not yet known (Gupta et al., 2010; Tsai et al.,
2010).
I compared the predicted structural topologies of the mouse PINC isoforms
mPINC1.0, mPINC1.6 and DRC2 to detect common RNA substructures in these
long (> 1 kb) ncRNAs. The spliced, full length transcripts of interest were submit-
ted to RNA secondary structure analysis via RNASTRUCTURE version 5.3 (Reuter
and Mathews, 2010). Folding was performed using the partition function algo-
rithm, which enables the prediction of putative RNA pseudoknots with PROBKNOt
(Bellaousov and Mathews, 2010). I restricted the size of helical regions in the final
display to ≥ 4 base pairs and exported the results as circle plots annotated with
base pair probabilities from the partition function algorithm (Figure 2.3.1:B-D). I
also investigated evolutionary conservation of RNA structure in the PINC locus by
employing SISSIZ in a sliding-window framework on 46-way MULTIZ alignments
from the UCSC genome browser (assembly hg19). Raw alignment blocks were
then merged together with an ad hoc PERL script, realigned with CLUSTALW2
(Larkin et al., 2007), broken into overlapping windows of 200 nt in 50 nt steps,
removed identical sequence, and sequences with more than 75% gaps. Alignments
associated to a Z-score below -3 were considered as bearing evolutionary conserved
structures (Figure 2.3.1:A, green bars). I also performed 3D modeling of relatively
small and highly probable secondary structures occurring in all three isoforms with
the MC-FOLD/MC-SYM pipeline (Parisien and Major, 2008). MC-FOLD predictions
were restricted to the topologies generated by RNASTRUCTURE, then the resulting
non-canonical secondary structure with the highest score was submitted to MC-
SYM.
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Through these analyses, I identified two double hairpin regions that occur with
high probability in all three isoforms, as highlighted in the circular plots as structure
1 (S1) and structure 2 (S2) (Figure 2.1.1:B-D). The first is a 53 nt double hairpin
or Y-shaped structure arising from exon 1, which overlaps evolutionary conserved
secondary structure predictions from SISSIZ (Figure 2.1.1:A,E). This structure
bears similarity to the double hairpin reported for RepA (Zhao et al., 2010), hence
it may be a good candidate site for interaction with PRC2. The second structure is
a 143 nt double hairpin that arises from exons 4 and 5 (Figure 2.1.1:F). Although
this region did not present evidence of evolutionary conservation, the structure was
predicted to fold with high probability in all three isoforms. Given the high folding
probability of the second site, it is hypothesized to be involved in conferring specific
function to PINC isoforms, possibly as an additional protein-interaction site (Shore
et al., 2012). Furthermore, the DCR2 isoform appears to be less structured than
PINC1.6 that bears a longer 7th exon, suggesting that the latter may exhibit greater
stability than its truncated counterpart.
These data show that the 5 region of PINC, which is sufficient for interacting
with PRC2, contains evolutionarily conserved, stable hairpin structures reminiscent
of double stem-loop structures in lncRNAs that have previously been shown to
bind the EZH2 subunit of PRC2. Mutatagenesis studies to disrupt these structures
should determine if they are indeed necessary for PRC2 binding. Overall, the PINC
locus provides another example of how computational RNA structure elucidation
complements biological experiments to provide insight into the underlying mecha-
nisms of cellular pathways involving lncRNAs.
2.4 THE HUMAN MITOCHONDRIAL TRANSCRIPTOME
Mitochondria are genetically distinct cellular organelles that are mainly responsible
for the production of energy through oxidative phosphorylation. Their endosymbi-
otic origin from an α-proteobacteral ancestor and their highly specialized function
occasion unique genetic processes and regulation of gene expression. Human mito-
chondria possess a compact circular genome of 16,569 base pairs that is transcribed
polycistronically following initiation from imported, nuclear-encoded proteins
(Anderson et al., 1981). The long precursor transcripts are subsequently processed
into individual mRNAs and rRNAs via the excision of tRNAs that are interspersed
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throughout the genome, a phenomenon referred to as the “tRNA punctuation
model” (Ojala et al., 1981). Little is known about the detailed post-transcriptional
regulation of this unique genetic system.
The abundance of mitochondria in tissue or cell culture samples and their small
genome facilitate the near-exhaustive sampling of their transcriptome through deep
sequencing technologies. By combining directional deep sequencing, Parallel
Analysis of RNA Ends (PARE) and DNAse protection assays, Mercer et al. (2011)
observed wide variation in the expression of mitochondrial genes, novel small
RNAs, previously uncharacterized transcripts, and the DNA footprints of several
unknown proteins as displayed in Figure 2.4.1. In addition, several noncanonical
processing events and cleavage sites were identified, exposing the unforeseen com-
plexity of post-transcriptional regulation in mitochondria (Mercer et al., 2011).
Since the tRNA punctuation model is premised on the formation of con-
spicuous, locally stable RNA secondary structures that guide cleavage of the
polycistronic precursor, I investigated whether noncanonical processing sites over-
lapped with in silico structure predictions. The small size, gene density and distinct
nature of the mitochondrial genome make for straightforward comparative analyses
amongst mammals and other vertebrates, particularly when compared to its nuclear
counterpart. The associated multiple genome alignments of vertebrates are of good
quality given that the vast majority of the mitochondrial genome consists of protein
coding genes and catalytic RNAs, whose functions are subject to stringent purify-
ing selection given the organelle’s crucial role in cell viability. I applied SISSIZ
(Gesell and Washietl, 2008) to the MULTIZ 44-way mitochondrial genome align-
ments from the UCSC browser for the hg18 genome assembly. Alignment blocks
were merged together and subsequently fragmented into 827 overlapping windows
of 120 nt with a 40 nt step that encompass both strands. I employed the parameters
-d -t -n 100 -p 0.02 enforcing dinucleotide-controlled alignment shuffling,
the transition-transversion model, 100 randomization iterations and ≤ 2% mean
pairwise sequence identity divergence from the native alignment, respectively. I
also produced a randomized simulated alignment for each native alignment window
using SISSIZ parameters -s -d -t -p 0.02, hence conserving mean pairwise
identity and dinucleotide composition. I used the simulated alignments to estimate
the false positive rate by submitting them to the same analysis as native alignments
and by counting all hits scoring above a given threshold.
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Figure 2.4.1: The human mitochondrial transcriptome.
Map of the human mitochondrial genome indicating the following features (from center,
with outer tracks corresponding to heavy strand and inner track corresponding to light
strand): DNase sensitivity profile (central black track; opacity indicates strength according
to central key), RNA secondary structures predicted by SISSIZ (green track), annotated
gene features (blue/red gradient indicates fraction of total mitochondrial gene expression
according to central key), RNA sequencing (black histogram on gray background; scale
0-900000[log10]), 5’ RNA cleavage sites determined by PARE (black histogram on pink
background; scale 0-8000), 3’ cleavage sites determined by nontemplate polyadenylation
RNAseq reads (black histogram on purple background; scale 0-8000), and small RNA
profile (black histogram on blue background; scale 0-2500). Figure constructed using
CIRCOS (Krzywinski et al., 2009). Reproduced with permission ©2011 Elsevier Inc.
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This strategy produces 172 regions predicted to contain evolutionary conserved
structures with a probability over 97.7% (Figure 2.4.1, green bars). Approximately
8 of these predictions could be the product of chance given the associated false
positive rate of 4.72%, as determined by screening the randomized alignments
individually. However, 167 hits correspond to tRNAs (85) and rRNA substructures
(82), which consist of all annotated RNA secondary structures in the mitochondrial
transcriptome (Mercer et al., 2011). The remaining 15 predicted structures coincide
with three NADH dehydrogenase (ND1, ND2, ND5) and two cytochrome c oxidase
(CO1, CO3) genes, the majority of which are also associated with cleavage sites
as determined by PARE sequencing (Figure 2.4.2:B-D). Upon closer inspection of
the predicted structures with RNAALIFOLD, there is evidence of conserved base
pairing and base pair covariation throughout the 44 sampled vertebrate genomes as
illustrated for the CO3-overlapping predictions in Figure 2.4.2:E-F. These struc-
tures may act similarly to tRNAs in guiding the cleavage of the polyscistronic
precursor through association with MRPP1, a subunit of mtRNAse P responsible
for binding to RNA (Walker and Engelke, 2008). Alternatively, they may func-
tion as self-cleaving ribozymes ensuring proper folding of the mature transcript
(McCown et al., 2011; Webb et al., 2009), although this was not specifically inves-
tigated herein.
The overall lower frequency of noncanonical cleavage sites suggests they are
transient or intermediate processing steps detected as a consequence of the high
coverage of sequencing. When combined to in silico RNA structure probing from
evolutionary data, these observations reveal evidence of intricate regulation of gene
expression that would otherwise be dismissed as artefactual or as the product of
degradation. These subtle indices reveal the complexity of post-transcriptional reg-
ulation in the mitochondrion, not previously renowned for its sophisticated genetic
architecture. As the cost and quality of next generation sequencing technologies
progresses, such in depth analyses will eventually become feasible for the much
larger and diverse nuclear-derived transcriptome.
In summary, there are a variety of tools and methodologies that are applicable
to elucidating the higher-order structure of transcriptomic data. Selecting a suitable
approach depends mainly on the size of candidate transcripts, the diversity of splice
variants, and the extent of associated evolutionary conservation. On their own, RNA
secondary structure predictions in lncRNAs seem at most tenable, thus requiring
support from biological experimental data to substantiate their functional involve-
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Figure 2.4.2: Association of RNA-processing sites with predicted secondary structures in
human mitochondrial transcripts.
(A) Box-whisker plot indicating the frequency of cleavage sites (as determined by PARE
sequencing, Hek cells) corresponding to rRNA (red), tRNA (blue) and novel (orange) sec-
ondary structures. (B–D) Genome browser view showing frequency distribution of PARE
reads (black histogram) associated with RNA secondary structure (gray bar) in CO1 (B),
ND2 (C) and CO3 (D) genes. (E and F) Predicted conserved RNA secondary structures
in the CO3 gene show consistent/compensatory mutations (red bases) and conserved
base-pairs (red lines). Reproduced with permission ©2011 Elsevier Inc.
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ment. I have exposed specific examples of this by ad hoc structural characterization
of various RNA transcripts that provided additional support to their proposed func-
tional mechanisms, which include intracellular signalling, modulating molecular
stability, putative protein-binding motifs and post-transcriptional processing. There
are cases where computational prediction of structural components are reliable on
their own, notably local stable substructures that are associated to high base-pairing
probabilities and, more substantially, when signatures of evolutionary selection for
maintaining RNA structure are present. Now that amount of sequenced mammalian
genomes is steadily increasing, mining evolutionary data for evidence of natural
purifying selection on RNA structure is more feasible than ever. However, this task
is not straightforward and requires detailed, independent investigation of the under-
lying software and methodologies to optimize the performance of such analyses,
particularly for genome-wide ventures.
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”The value and utility of any experiment are deter-
mined by the fitness of the material to the purpose for
which it is used [...]”
Gregor Mendel
3
Benchmarking RNA structure
prediction algorithms
RIBONUCLEIC ACID POLYMERS harbour the genetic information required toproduce polypeptides and form higher-order structures that function inte-
grally in various cellular roles. The dynamic nature of RNA structure formation
confers a certain plasticity to these molecules, providing a more variable template
for evolutionary selection compared to the genetic code required for protein syn-
thesis. Variation in the primary structure of functional RNAs can obscure evidence
of purifying negative selection when function derives primarily from secondary or
tertiary structure, thus rendering the identification of structured RNAs through com-
putational approaches more complex than, for instance, protein coding sequences.
However, primary structure diversity can also attest to evolutionary selection on
structural components of RNA by exposing conserved and compensatory mutations
that are consistent with a common structural topology. This phenomenon, termed
covariation, is a bona fide indication of purifying selection on RNA structure;
detecting such events is the modus operandi of most Evolutionarily Conserved
Structure (ECS) prediction algorithms premised on comparative genomics.
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Current technology renders 3D structural prediction infeasible for high-
throughput comparative transcriptomics given the substantial time complexity
of 3D structure modelling software. However, computational analyses predicated
on RNA secondary structure—canonical Watson-Crick base pairings that form
stable helices—are well-established and tractable for large genomes. The gold
standard for such methodologies is the sliding-window method, where a multiple
alignment is sampled in a window of fixed length that progressively slides across
the genome in increments of a specific size. This allows for relatively fast screens
provided that windows are of reasonable length, as even the fastest ECS prediction
algorithms present exponential runtime complexities in function of input sequence
length. This method targets short, locally stable RNA structures, whereas long-
range nucleotide pairings are manifestly ignored. Furthermore, depending on the
step size (or distance between overlapping windows), the boundaries of potential
structural elements are not guaranteed to coincide with the sampled alignment in a
sliding window framework (Gorodkin et al., 2010).
Another prevalent shortcoming of ECS prediction algorithms and methodolo-
gies employed for genomic screens is the lack of a diverse set of true positives
presenting the evolutionary signatures of selection on RNA structure. A handful
of ECS prediction tools of various flavours have been applied to genomic screens
using a sliding-window approach with varying degrees of success. These include
EVOFOLD (Pedersen et al., 2006), CMFINDER (Torarinsson et al., 2008), RNAZ
(Washietl et al., 2005a), and ALIFOLDZ (Washietl et al., 2007). The employed
algorithms are usually trained and benchmarked on refined structural alignments
of individual molecules, namely early versions of the RFAM database and BRAL-
IBASE, a custom-built benchmarking platform (Gardner and Giegerich, 2004;
Griffiths-Jones et al., 2003). These datasets offer ideal conditions to make pre-
dictions yet do not represent actual experimental conditions, which consist of
fragmented sequence-based genome alignments generated by speedy heuristics,
such as the TBA/MULTIZ data sets from the UCSC genome browser (Blanchette
et al., 2004; Wang et al., 2007). Consequently, differences between training data
and experimental data entail potential biases in the resulting predictions, which
partially explains the substantial divergence reported between these algorithms.
Indeed, the predicted structures arising from these studies present high false dis-
covery rates (varying between 40% and 70%) and clear sequence composition
biases, in addition to the scarce overlap between algorithms (Torarinsson et al.,
2008; Washietl et al., 2007).
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Unfortunately, there are few known examples of confirmed ECSs that can be
detected in multiple genome alignments besides via sequence-based approaches
(e.g. rRNAs) and the output of the aforementioned genomic screens. There is
hence need for an objective measure of the efficiency of ECS prediction algorithms
in line with implemented high-throughput methodologies to improve the quality
and confidence of resulting experiential predictions. This necessity is of particular
significance now that high-throughput sequencing technologies are more common
and will inevitably generate considerable deeper evolutionary information—an
outcome that will contrast greater alignment depths to shorter syntenic blocks to
accommodate the broader diversity of genome organizations.
In this chapter, I describe the elaboration of an independent benchmarking
algorithm for the comprehensive performance evaluation of consensus-based ECS
prediction algorithms. Their expected sensitivity and specificity are exposed by
creating tailor-made datasets of known structured RNAs and negative controls that
reflect the experimental conditions of genome-wide sliding window methodologies.
I then apply two revised, consensus-based ECS prediction algorithms (RNAZ 2.0
and SISSIZ 2.0) to the systematically generated benchmarking datasets, exposing
their relative strengths and weaknesses while improving the confidence and resolu-
tion of subsequent ECS detection endeavours.
3.1 GENERATING EXPERIMENTALLY COMPATIBLE POSITIVE
CONTROLS
Structural alignments provide the ideal substrate for evaluating the performance
of RNA secondary structure prediction algorithms as they contain homologous,
hand curated alignments of RNA families with well-characterized secondary struc-
tural components. Homologous helical regions (i.e. stems) and unpaired regions
are aligned together through manual intervention, by compatibility with existing
alignments or from the output of specialized algorithms and covariance models
(Nawrocki et al., 2009). However, they are not globally optimized for sequence
content, as gaps are liberally incorporated into the alignments and consequently
diminish the frequency of consecutive nucleotides in the consensus, which signifi-
cantly impacts base stacking energy contributions in minimum free energy folding
of RNA sequences (Bernhart et al., 2008). Currently, the most extensive database
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Figure 3.1.1: Length and depth of sampled RFAM data.
Size distribution of 89 full RFAM alignments (version 10.0) containing at least one mam-
malian representative. The red line indicates the inclusion threshold for the longest sam-
pled window size (300 nucleotides) used for benchmarking the performance of consensus
RNA structure prediction tools.
of structured RNAs is RFAM (Gardner, 2012; Griffiths-Jones et al., 2003), which
provides an ideal dataset for benchmarking ECS prediction algorithms that consider
conserved and compensatory mutations in structured regions.
I downloaded the full RFAM alignments from the 10.0 release (ftp://ftp.
sanger.ac.uk/pub/databases/Rfam/10.0/) that contain at least one mam-
malian sequence representative, ensuring that the sampled molecules have some
evidence of being present in mammals. The full alignments were selected instead
of the seed alignments to include identical sequences in the benchmarking data, as
multiple genomic alignments often present identical or highly similar sequences.
RFAM entries consisting of miRNAs, tRNAs and snoRNAs (but not non-small
Cajal body-specific snoRNAs) were excluded given their small size, known se-
quence constraint or repeat-like features in mammalian species. Alignment files
were converted from stockholm to fasta format to facilitate their subsequent ma-
nipulation. This resulted in 186,662 annotated RNA structures from 89 RFAM
families (Figure 3.1.1, Appendix I). On average, each selected RNA family con-
tains a median value of 154 sequences composed of 59.4% unique sequences, thus
providing a substantially more diverse dataset than BRALIBASE (Gardner and
Giegerich, 2004). The proceeding alignments were next employed to build a bench-
mark dataset of true positives for measuring the performance of ECS prediction
algorithms in sliding window genome scanning.
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Figure 3.1.2: Benchmarking pipeline.
Benchmarking pipeline for simulating the experimental conditions of sliding window
methodologies using known RNA structure alignments.
3.1.1 REPRODUCING THE SLIDING WINDOW SAMPLING BIAS
As mentioned above, a recurring caveat in genomic screens using the sliding win-
dow approach is the high probability of partially sampling a structural motif whose
boundaries may lie outside the sampled region. To measure the impact of this
phenomenon on the prediction rate (sensitivity) of ECS algorithms, I developed a
pipeline that systematically selects alignment fragments from the above-mentioned
RFAM alignments analogously to pan-genomic sliding window scans (Figure
3.1.2). The algorithm, coded in JAVA, first selects one of the alignment families
at random, from which a specified amount of sequences are randomly extracted.
Empty columns are removed and then a sub-alignment—or window—of specified
length is chosen randomly within the full alignment. Various sequence charac-
teristics are calculated for all sampled alignments, including the Mean Pairwise
sequence Identity (MPI, defined as the average amount of identities divided by the
length of the shortest sequence for all sequence pairs), the standard deviation of
the MPI, the normalized Shannon entropy (Gruber et al., 2008a), G+C and gap
content. Once the alignment and its characteristics have been saved, the process
is reiterated until enough alignment fragments have been sampled. This cut-off is
user-definable and enables the creation of diversified alignment datasets across a
range of specified criteria, e.g. variable mean pairwise identity values.
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3.1.2 REPRODUCING SEQUENCE-BASED ALIGNMENT BIAS
Sequence-based multiple alignments lack the refinement and precision of structural
alignments as their underlying heuristics tend to minimize gap content. Structural
RNA alignments can nonetheless be used to emulate the experimental conditions
encountered in genome-wide screens by removing gaps from structural alignments
and realigning with a sequence-based alignment program. Although this strategy
will not reproduce the idiosyncrasies of full-scale, heuristic multiple genome align-
ments, it provides potential insight into the effect of sequence-centric alignments
on ECS prediction sensitivity.
I implemented an optional realignment step in the benchmark generation
pipeline (Figure 3.1.2:step 3). The randomly extracted sequences from full RFAM
alignments can thus be scrambled with a sequence-based alignment tool to measure
the extent at which structural information is dispersed during the construction of
sequence alignments. Realignment is performed with the MAFFT-GINSI align-
ment program that employs fast Fourier transforms and iterative refinement; it is
renowned to perform well on sequences harbouring structured RNAs (Golubchik
et al., 2007; Wilm et al., 2006). It also has the advantage of being fast enough for
realigning alignment fragments at a genomic scale, therefore enabling consistent
analysis between controls and experimental results.
3.1.3 SEQUENCE DIVERSITY AND OVERSAMPLING
The oversampling of specific sequences and alignments is always a possibility when
dealing with finite datasets. The dataset generation algorithm I developed can be
fine-tuned to produce alignments within specific ranges of sequence composition,
therefore measuring the redundancy of sampled sequences is essential to ensure that
oversampling is not problematic. To achieve this, I implemented binary matrices
in the alignment generation algorithm that are synonymous to each alignment’s
character space (sequence count x alignment width). When an alignment fragment
is sampled at a given parameter range, the corresponding positions in the matrix are
inspected and instantiated if they have not been sampled previously. This allows
to measure the sampling novelty at each iteration, thus providing information on
the diversity of sampling through the slope of the resulting curve. An asymptotic
curve suggests that sampling at the specified parameter range is saturated and that
subsequent observations derived from such data may be subject to overfitting.
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Figure 3.1.3 presents sequence diversity plots associated to the benchmark-
ing dataset that is employed in the subsequent portion of this chapter. For most
parameter ranges, the diversity of sampled RFAM alignment fragments increases
steadily. Alignments associated with higher mean pairwise identity ranges are the
most affected by redundancy in sampling, particularly for wider alignments with
more sequences. Therefore, caution should be exerted during analysis of results
pertaining to this range of data.
3.2 PERFORMANCE EVALUATION OF SELECTED ALGORITHMS
ON TRUE POSITIVES
I tested the performance of two ECS prediction algorithms suited for genome-wide
scans on the ad hoc benchmark datasets described above. RNAZ (version 2.0)
was compared to a recent version of SISSIZ that was updated by a colleague (Dr.
Tanja Gesell) following my recommendations to incorporate the latest RNAALI-
FOLD scoring metrics, which enable the use of RIBOSUM substitution matrices
that improve performance significantly (Bernhart et al., 2008). These two recent
algorithms are very fast, promote high specificity and have not yet been applied to
genome-wide screens in human. Additional algorithms can be incorporated into the
pipeline for extended performance comparison. EVOFOLD and RNAZ version 1.0
were excluded from this specific analysis, as their optimal performance parameters
for genomic screens have already been published (Torarinsson et al., 2008; Washietl
et al., 2007). The native RFAM benchmark dataset was first employed to evalu-
ate their maximal performance in a sliding window framework. Alignments were
queried using SISSIZ’s default parameters (-j option for RIBOSUM scoring) and
with RNAZ version 2.0 (Gruber et al., 2010) using the following parameters: -f
-t -l for native RFAM structural alignments; -f -d for MAFFT alignments. Fig-
ure 3.2.1 illustrates the impact of the amount of surveyed sequences, the window
length, and MPI on the prediction rates of RNAZ, SISSIZ, and SISSIZ using RI-
BOSUM scoring. At statistical thresholds recommended by the respective authors
of both employed tools, results suggest SISSIZ produces, on average, more than
twice as many high confidence predictions—with a probability that the observed
score is reproducible from the background model ≤ 1.5x10−5—than RNAZ, while
maintaining comparable specificity (Figure 3.2.1; Table 3.2.1).
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Figure 3.1.3: Sequence diversity of RFAM alignment sampling.
The amount of uniquely sampled sequences is plotted for each iteration of the sampling
algorithm, until 200 alignment fragments have been generated for all specified MPI ranges,
alignment depths (10, 20, and 30 sequences) and widths (100, 200, and 300 nt). For
alignments of 30 sequences, the [90% MPI range was omitted given the scarce sampling
of such alignments at this range.
53
Mean Pairwise Identity (%)
Se
n
si
tiv
ity
0
0.25
0.5
0.75
0
0.25
0.5
0.75
0
0.25
0.5
0.75
10 sequences
50[ [50 [60 [70 [80 [90
20 sequences
50[ [50 [60 [70 [80 [90
30 sequences
50[ [50 [60 [70 [80
100
 nt
200
 nt
300
 nt
SISSIz SISSIz−R RNAz
Figure 3.2.1: Impact of alignment size, depth, and sequence conservation on consensus
structure prediction.
The relative sensitivities of conserved RNA secondary structure prediction algorithms are
plotted for randomly sampled, native RFAM sub-alignments in function of the amount of
sequences, window length in nucleotides, and mean pairwise identity. Opaque bars rep-
resent high-confidence predictions (RNAZ SVM RNA-class probability ≥ 0.9, SISSIZ
Z-score≤ -4) while translucent bars represent lower-confidence predictions (RNAZ prob-
ability ≥ 0.5, SISSIZ Z-score ≤ -2). Each bar represents the outcome of 200 sampled
alignments with RNAZ version 2.0 (using options -f d l), SISSIZ using default pa-
rameters, and SISSIZ with RIBOSUM scoring (option -j) for all indicated window sizes,
sequence depths, and mean pairwise identity ranges. The latter are indicated by their
bounded values on the x-axis. Alignments with 30 sequences and MPI values over 90
(and 20 sequences in 300 nt windows) were purposefully ignored as their sampling is
redundant and their generation is time consuming given the random selection of the un-
derlying algorithm (see Figure 3.1.3).
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Table 3.2.1: Accuracy of SISSIZ and RNAZ on RFAM alignment fragments
Alignment source Algorithm Sensitivity1
Specificity1–2
SISSIZ-S MULTIPERM
% FP/Mb % FP/Mb
Native RFAM
RNAZ 17.7 99.8 9.8 100 2.3
SISSIZ 37.8 99.0 52.5 92.3 386.6
SISSIZ+RIBOSUM 40.9 99.2 42.0 90.8 462.1
Emulated genomic3
RNAZ 16.1 99.7 12.8 99.8 8.9
SISSIZ 30.3 99.0 51.4 93.2 341.7
SISSIZ+RIBOSUM 34.3 99.6 19.0 93.0 351.1
1 Using a confidence threshold half way between those reported in Figure 3.2.1 (Z-score ≤ -3 for
SISSIZ; P ≥ 0.75 for RNAZ)
2 From the associated dinucleotide-controlled shuffled alignments (Section 3.2.5), in percentage (%)
and false positives per megabase (FP/Mb).
3 Selected RFAM sequences are de-gapped and realigned with MAFFT-GINSI (Katoh et al., 2002).
RNAZ predictions for alignments of length 300 are omitted.
3.2.1 IMPACT OF WINDOW SIZE AND ALIGNMENT DEPTH
The size and spacing of windows used to sample long genomic sequences invari-
ably affects RNA structure prediction, however this has not been directly addressed
in past algorithm benchmarking endeavours. By adjusting the parameters of the
benchmarking dataset generation algorithm described herein, the impact of align-
ment length and depth becomes apparent in the resulting sensitivities. Interestingly,
the depth of alignments has less impact on the amount of high confidence pre-
dictions than alignment length (window size) for the algorithms that were tested
(Figure 3.2.1). The effect of alignment depth is most remarkable on the sensitivity
of the standalone variant of SISSIZ and RNAZ for alignments with lower sequence
homology, producing less high-confidence predictions when more sequences are
sampled. Otherwise, this parameter does not affect ECS prediction substantially
for structural RNA alignments from RFAM.
More incidental is the impact of window size on ECS predictions, although
this effect is less apparent for RNAZ than it is for SISSIZ. For SISSIZ with
RIBOSUM in particular, doubling the window size to 200 nt more than triples
the sensitivity of predictions, particularly when the MPI of surveyed alignments
is below 70% (Figure 3.2.1). The substantial difference in sensitivity between
windows of 100 and 200 or more nucleotides can be explained in part by the
abundance of RFAM entries that are longer than 100 nt in the filtered data set used
for testing (Figure 3.3.2). Longer windows are more likely to encompass paired
bases, while including unpaired bases should not influence structure prediction
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algorithms premised on maximizing base-pairings with evidence of covariation.
Therefore, window lengths ≥ 200 nt should take precedence over smaller win-
dows in genome-wide screens when faced with limited computational resources.
Increasing the sampling window size from 200 to 300 nt did not alter sensitivities
significantly, which suggests that these algorithms perform well at detecting the
local sub-structures of a larger molecule. As described latter in Section 3.2.3, a
longer window size than 200 nt imparts a conspicuous increase in execution time
without a corresponding reasonable increase in sensitivity.
3.2.2 IMPACT OF SEQUENCE CONSERVATION
To measure the impact of sequence conservation on ECS prediction, the benchmark
dataset generation algorithm was iterated until 200 alignments were produced for
different MPI ranges (a measure of conservation) to generate the following “bins”
of varying sequence conservation: less than 50%, 50-59.9%, 60-69.9%, 70-79.9%,
80-89.9%, and 90% or higher. This resulted in 6 bins of 200 sub-alignments with
10, 20 and 30 sequences in windows of 100, 200 and 300 nt which were all scanned
with the the aforementioned algorithms (Figure 3.2.1). A striking difference in
sensitivity is observed between SISSIZ and RNAZ when alignments present less
than 70% mean pairwise identity, while RNAZ performs best on alignments with
higher sequence conservation for the applied confidence thresholds. The superior
performance of SISSIZ at these MPI ranges is somewhat surprising as RNAALI-
FOLD can perform poorly at these values given the difficulty of creating a consensus
sequence. Hence, the contribution of explicit covariation scoring from the revised
RNAALIFOLD is apparently powerful enough to discriminate between structured
and non-structured RNA alignments when compared to a randomized background
distribution of similar sequence composition.
The RIBOSUM enabled version of SISSIZ performs particularly well with
alignments of low sequence homology (< 60%), which are referred to as the “twi-
light zone” of multiple sequence alignments where sequence alignment algorithms
perform poorly. The improved performance of SISSIZ for extreme MPI ranges
when RIBOSUM scoring is employed can be attributed to the modified weighting
of bonus energies derived from covariation events. These bonus energies have
a higher contribution to the consensus than in the conventional SISSIZ model,
thereby favouring true conservation patterns by producing lower total free energy
(Bernhart et al., 2008) and thus a stronger Z-score. For higher MPI values, it is
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likely that RIBOSUM scoring improves the discernment of ancestral correlations
through the topology of the inherent phylogenetic tree. For lower MPI values,
where consensus-based algorithms are accountable to the caveats stemming from
the twilight zone of multiple sequence alignments, the explicit scoring of compen-
satory mutations (as quantified in RIBOSUM substitution matrices) is responsible
for the exceptional performance of this variant of SISSIZ.
3.2.3 COMPARATIVE EFFICIENCY OF ECS PREDICTION ALGORITHMS
Regarding the topological quality of predictions, both investigated algorithms em-
ploy the same underlying consensus generation tool (RNAALIFOLD) thus should
perform similarly, yet RNAZ high-confidence predictions (RNA SVM-class prob-
ability ≥ 0.9) correctly identify slightly more annotated RFAM base pairs than
SISSIZ (Figure 3.2.2:A). Hence, the difference must lie in the SVM classifier
employed by RNAZ. Indeed, the specific use of the Structural Conservation Index
(SCI) by RNAZ favours predictions that contain a higher density of base pairs and,
consequently, stronger energy scores whereas SISSIZ predictions are less affected
by this variable (Figure 3.2.2:B). In combination to its relatively weaker sensitivity
on the whole, these results suggests that RNAZs support vector machine could
be refined for sliding-window scans by including a more diverse set of positive
controls, such as the data generated in this study. The RIBOSUM-enabled variant
of SISSIZ does not emit structural topologies as accurately as the other 2 tools,
despite its higher sensitivity. Adjusting the weight of the unfounded, covariation-
derived bonus energy parameter of RNAALIFOLD may consequently provide more
accurate structure prediction topologies.
High-confidence predictions derived from SISSIZ with RIBOSUM overlap
with more than 85% of the predictions from SISSIZ or RNAZ (Figure 3.2.2:C).
The majority (91%) of high confidence RNAZ predictions are also detected by
either variant of SISSIZ, whereas RNAZ predictions overlap only 37% of predic-
tions from wither variant of SISSIZ. Furthermore, the difference in average speed
between all algorithms also favours SISSIZ, surprisingly, as RNAZ is promoted
as one of the faster algorithms for genome-wide screens (Washietl et al., 2005b).
In its current release, RNAZ struggles with longer alignments as it undergoes full
support vector machine training when the parameters of the input data fall outside
the precomputed ranges of the inherent SVM classifier (Figure 3.2.2:D). Overall,
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Figure 3.2.2: Comparative efficiencies of consensus-based ECS algorithms.
(A) Proportion of correctly predicted RFAM base pairs for each algorithm in function of the
window size, for high-confidence predictions (RNAZ probability ≥ 0.9, SISSIZ Z-score
≤ -4) and lower confidence predictions (RNAZ probability ≥ 0.5, SISSIZ Z-score ≤ -2).
Error bars indicate a 95% confidence interval. (B) Arithmetic mean of the ratio of anno-
tated RFAM base pairs in sub-alignments generating high-confidence predictions versus
that which fail to produce high-confidence predictions. Error bars indicate the standard
error. (C) Relative exclusive overlap between RNAZ and both variants of SISSIZ. Values
represent the percentage of total sampled alignments that produce high-confidence pre-
dictions by either algorithm. (D) Average execution times of the different tested algorithms
in function of the sampled alignment length on a 2.66 GHz processor. Error bars represent
the standard error.
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these results highlight SISSIZ’s strength at detecting conserved RNA structures
and favour the use of RNAZ for more conserved sequence alignments.
3.2.4 IMPACT OF SEQUENCE ALIGNMENT
I also evaluated the performance of the selected ECS prediction algorithms on mul-
tiple sequence alignments containing known RNA structures that were scrambled
by realignment with the sequence alignment tool MAFFT, as described above (Ta-
ble 3.2.1, Figure 3.2.3). Although the sensitivities drop overall, RNAZ maintains
roughly the same prediction sensitivities compared to the native alignments, which
highlights its robustness for detecting structures in genomic alignments. This may
also, however, be due to the presence of the same RNA structures that the SVM
was trained on within the queried RFAM alignments. As expected, both variants
of SISSIZ present weaker performance on the emulated genomic alignments than
on the native ones for most MPI ranges, with the notable exception of alignments
presenting less than 50% MPI.
The restrained incorporation of gaps by sequence alignment algorithms can
disrupt homologous helices from RFAM alignments, thus scrambling bona fide
signatures of covariant base pair mutations and reducing the sensitivity of predic-
tions. However, when sequence conservation is faint, i.e. well within the “twilight
zone”, minimizing gaps increases the normalized Shannon entropy that can con-
sequently provide stronger covariation signals for paired bases in the consensus.
This can explain the observed increase in sensitivity for SISSIZ when confronted
with poorly conserved sequence alignments (Figure 3.2.3), as well as the lower
specificity in these ranges (Figure 3.2.4). SISSIZ with RIBOSUM performs best
in this regard, as limitations caused by imperfect alignments are, in all likelihood,
overcome via the discernment of the local composition of nucleotide transitions
and transversions of each alignment, which can be employed on their own to detect
functional RNA structures (Knies et al., 2008). Overall, the differences between
prediction rates from native RFAM alignments and emulated genomic alignments
suggest the classical sliding window approach to ECS detection suffers from high
false-negative rates.
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Figure 3.2.3: Prediction sensitivity of RNAZ and SISSIZ on realigned RFAM alignments.
The relative sensitivities of conserved RNA secondary structure prediction algorithms are
plotted for randomly sampled partial alignments from RFAM 10.0 (Gardner et al., 2009).
Opaque bars represent high-confidence predictions (RNAZ probability ≥ 0.9, SISSIZ
Z-score≤ -4) while translucent bars represent lower-confidence predictions (RNAZ prob-
ability ≥ 0.5, SISSIZ Z-score ≤ -2). Each bar represents the outcome of 200 sampled
alignments with RNAZ version 2.0 (using options -f d l), SISSIZ using default pa-
rameters, and SISSIZ with RIBOSUM scoring (option -j) for all indicated window sizes,
sequence depths, and mean pairwise identity ranges. The latter are indicated by their
bounded values (in square brackets) on the x-axis. Alignments were stripped of gaps and
realigned with MAFFT-GINSI (Katoh et al., 2009) prior to window selection.
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Figure 3.2.4: Specificity in function of MPI ranges for shuffled RFAM alignments.
All sub-alignments used for sensitivity testing were randomized with both SISSIZ and
MULTIPERM (Anandam et al., 2009), independently, and then scored with RNAz and both
variants of SISSIz for (A) native RFAM alignments and (B) MAFFT-derived alignments.
A fair-confidence threshold was used to discriminate false-positives and true negatives
(SVM RNA-class probability ≥ 75% for RNAZ; Z-score ≤ -3 for SISSIZ).
3.2.5 SPECIFICITY TESTING
The specificity, or false-positive rate, was tested by randomizing the alignments
used for sensitivity testing in a dinucleotide-controlled manner using SISSIZ’s null
model with the command SISSIz -s (Table 3.2.1). The ensuing simulated align-
ments are queried for RNA secondary structure conservation with the specified
algorithms. At the defined confidence thresholds, all surveyed algorithms present a
false positive rate (1-specificity) below or equal to 1%, which translates to a false
discovery rate (false positives / sensitivity) well below that for the tools employed
in the original ENCODE scans (Torarinsson et al., 2008; Washietl et al., 2007).
These results are a direct consequence of considering dinucleotide composition
in the background models and scoring metrics of consensus structure prediction
algorithms. Given that SISSIZ intrinsically employs the same shuffling algorithm
to produce an ECS prediction than it does to generate a shuffled alignment, it is
possible that the observed false-positives rates for SISSIZ may be biased accord-
ingly. To address this, I also randomized alignments for specificity testing with the
independent program MULTIPERM that also maintains dinucleotide composition in
the consequent shuffled alignments (Anandam et al., 2009). With the exception of
RNAZ that predicts fewer false positives in the MULTIPERM dataset, the sensitivity
scores are lower for both variants of SISSIZ yet remain above 90% (Table 3.2.1).
The consistency of the randomization procedure implemented in MULTIPERM
raises concerns given that the average mean pairwise identity of the resulting align-
ments differ on average by 7.4% from the native RFAM alignments versus 0.2%
using SISSIZ’s simulation algorithm (Figure 3.2.5). This further substantiates the
potential use of SISSIZ for this task.
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Figure 3.2.5: Sequence composition of alignment shuffling algorithms.
Distribution of the mean pairwise identity of 10,200 randomly-sampled RFAM alignment
fragments (from 3.2.1) compared to the corresponding dinucleotide-controlled shuffled
alignment with SISSIZ using option -s (Gesell and Washietl, 2008) and MULTIPERM
using default settings (Anandam et al., 2009). The mean pairwise identity values were
subsequently extracted from the output of SISSIZ.
3.3 PERFORMANCE EVALUATION ON GENOMIC DATA
Althouh RFAM derived multiple alignments present analogous RNA structures,
they are composed of sequences that are not necessarily orthologous and may
originate from phylogenetically disparate species. To accommodate the influence
of more evolutionarily related sequences encountered in experimental data on RNA
structure prediction, the performance of RNAZ and both variants of SISSIZ was
also tested on multiple genome alignments. The consistency-based ENREDO-
PECAN-ORTHEUS (EPO) genome alignments of 35 eutherian mammals were
employed for this task, as they are more robust than TBA/MULTIZ derived align-
ments and present substantially longer contiguous blocks than MULTIZ. Indeed,
the syntenic blocks produced by ENREDO are over 500 times less fragmented than
those produced by TBA (Paten et al., 2008a,b). The EPO alignments for the human
genome assembly GRCh37 were downloaded from ENSEMBL-compara release
65 (ftp://ftp.ensembl.org/pub/release-65/emf/ensembl-compara/epo_
35_eutherian/) and converted from emf to maf alignment format. Segmental du-
plications were then removed from each alignment block, when present, to ensure
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that no more than 1 sequence from each species was surveyed. All EPO alignments
for chromosome 10 were split into a total of 1,178,029 overlapping windows before
being submitted to RNAZ and both variants of SISSIZ.
3.3.1 ANALYSIS OF GENOMIC ALIGNMENT COMPOSITION
The relative density distribution of alignment characteristics for predicted ECSs
was compared to the genomic background to evaluate how both tools perform on
genomic data. Results indicate that RNAZ predictions are strongly enriched for
alignments with less than 9 species or those presenting over 80% mean pairwise
sequence identity ( 3.3.1:A,C), which largely consist of the primate lineages. Con-
versely, SISSIZ predictions are synonymous with alignments containing less con-
served sequences that evade detection by RNAZ, yet compose the bulk of align-
ments with more than 10 species, suggesting that a plethora of ECSs have been
overlooked by RNAz in past screens.
The lack of hits with higher mean pairwise identity highlights the difficulty
of SISSIZ to create a phylogenetic model when confronted with little sequence
variation. Short external branch lengths (intrinsic to higher MPI ranges) generate a
disproportionate amount of closely related sequences, thus increasing the influence
of states at internal nodes of the phylogenetic model inherent to SISSIZ that can
mislead consensus structure predictions when intermediate structures deviate by
chance. The standalone, unsupervised SISSIZ is also prone to generating exces-
sively strong scores when the background distribution has a low average minimum
free energy score or small variance, while the underlying consensus structure
generating algorithm RNAALIFOLD often fails to produce a consensus structure
(Figure 3.3.2). The RIBOSUM variant of SISSIZ overcomes these caveats as the
distribution of sequence characteristics associated to high-confidence predictions
is comparable to the genomic background, although this comes at the cost of an
average run time twice that of SISSIZ (Figure 3.2.2).
Figure 3.3.1 (following page): Sequence characteristics of high-confidence predictions
for human chromosome 10.
The kernel density estimates of the distribution of sampled species, mean pairwise iden-
tity, and G+C content are contrasted for all queried alignments and each subset of high-
confidence hits (RNAZ SVM RNA-class probability ≥ 0.9; SISSIZ Z-score ≤ -4).
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High-confidence ECS predictions emitted by SISSIZ are more consistent
with the genomic background than those from RNAZ, suggesting that the latter
is somewhat biased in its predictions. Fortunately, its preference for alignments
with less sequences and higher conservation complements the shortcomings of
SISSIZ in this respect. Between all algorithms, only the composition of guanine
and cytosine differs significantly from that observed in the genomic background
(Figure 3.3.1:E), which is likely a consequence of thermodynamics-based RNA
structure prediction (e.g. RNAALIFOLD) where GC base pairs contribute more to
the free energy score through their additional hydrogen bond. However, higher GC
content is also associated with longer transcript half-lives in stability assays (Clark
et al., 2012), thus providing additional, albeit unspecific, functional evidence to the
reported computational predictions.
Overall, both algorithms complement each other with regards to the sequence
characteristics of their associated high-confidence structure predictions. Further-
more, both variants of SISSIZ generate predictions that are somewhat complemen-
tary, at least for the MPI and normalized Shanon entropy (Figure 3.3.1). Since
all these algorithms have their peculiarities, selecting the optimal program given
the sequence characteristics of an input alignment would thus be advantageous to
increase the sensitivity of genome-wide screens, where computational complexity
is an eminent limiting factor.
3.3.2 STATISTICAL THRESHOLD CALIBRATION
Past studies employing RNAZ have applied somewhat arbitrary statistical thresh-
olds for the identification of conserved RNA structures, without clearly stating
the specificity or false-positive rate associated with these values (usually a SVM
RNA-class probability of 50% for lower confidence and 90% for higher confidence
predictions (Washietl et al., 2005a, 2007)). Furthermore, since SISSIZ has not yet
been applied to a genome-wide screen, I endeavoured to determine the sensitivity
at which the analyzed algorithms are expected to occasion 99% specificity (1%
false positive rate). I compared the aforementioned predictions from chromosome
10 alignments to their associated dinucleotide-controlled shuffled alignments to
conduct a receiver operating characteristic analysis of the 1,178,029 surveyed
alignments (Figure 3.3.3). At the 99% threshold of specificity, RNAZ predicts
conserved RNA structures in 4.7% of the alignments from chromosome 10 (SVM
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Figure 3.3.2: Comparative distribution of prediction scores for chromosome 10.
(A) Distribution of SISSIZ Z-scores (SISSIZ with RIBOSUM vertical, SISSIZ horizon-
tal) and associated 2D scatter plot, where each dot represents one sampled alignment.
White lines represent the density on the Z-axis. (B) Log transformed distribution of RNAZ
scores.
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Figure 3.3.3: Receiver operating characteristic on genomic alignments from human chr10.
Sensitivity is defined as the proportion of surveyed alignments of length 200 (with overlap
of 100) that present scores above the applied thresholds, which are increased incremen-
tally from -11 to 3 (Z-score) for both versions of SISSIZ, and 0 to 100 (SVM RNA-class
probability) for RNAZ. Extreme SISSIZ Z-scores were capped to -11. Specificity refers to
the same scoring, however the sampled alignments were shuffled using SISSIZ’s align-
ment simulation option. The dotted portion of the blue line corresponds to an estimation
of the performance of RNAZ as extrapolated from the data; its intrinsic SVM classifier
emits null probabilities for the majority of predictions (5.6% specificity at 13.7% maximum
sensitivity).
probability ≥ 32%) versus 7.6% for SISSIZ (Z-score ≤ -2.7) and 9.1% when the
latter employs RIBOSUM scoring (Z-score ≤ -2.2). When applied to subsequent
genome-wide screens, these scores (or those entailed for similar analysis) will
ensure uniform false-positive rates and, consequently, a more apt performance
comparison of algorithms employed for ECS prediction.
In summary, the generation of ad hoc benchmarking datasets reflecting ex-
perimental conditions enables the independent comparison of RNA structure
predictions algorithms. The intrinsic sampling bias reproduced herein ensures
that a 100% sensitivity rate is not achieved, regardless of any given algorithm’s
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performance provided that input alignments are longer than the sampling window
length. The reported sensitivities can thus be viewed as a theoretical maximal
performance measure of detecting conserved RNA structures in a sliding window
framework. The analytic pipeline described in this chapter is future-compatible
in that all it requires is a set of user-defined alignments as input. Programmed in
JAVA, it is a cross-platform algorithm that can accommodate additional structure
prediction tools rather easily. It is available for download at the following website:
http://www.martinalexandersmith.com/ECS.
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”[...] any variation, however slight and from whatever
cause proceeding, if it be in any degree profitable to
an individual of any species, in its infinitely complex
relationship to other organic beings and to external
nature, will tend to the preservation of that individual,
and will generally be inherited by its offspring.”
Charles Darwin
4
Prevalence of RNA structures in
mammalian evolution
THE MAJORITY OF THE HUMAN GENOME is dynamically transcribed intoRNA, most of which does not code for proteins (Clark et al., 2011; Mercer
et al., 2012). The once common presumption that most non protein-coding se-
quences are comprised of evolutionary debris is being adjusted to the increasing
evidence that non-coding RNAs represent a previously unappreciated layer of gene
expression essential for the epigenetic regulation of differentiation and development
(Mattick, 1994, 2001, 2004a, 2007). Yet despite an exponential accumulation of
transcriptomic data, limited functional data has fuelled discourse on the amount of
functionally pertinent genomic sequence in higher eukaryotes (Clark et al., 2011;
Dinger et al., 2009; van Bakel and Hughes, 2009; van Bakel et al., 2010). What
is incontrovertible, however, is that evolutionary conservation of structural com-
ponents is a direct property of purifying selection and, consequently, a sufficient
indicator of biological function. Conversely, lack of conservation does not impute
lack of function, as variation underlies natural selection. Measuring purifying
negative selection is relatively straightforward at the primary structure level—i.e.
measuring sequence conservation (Cooper and Sidow, 2003)—yet presents more of
a challenge when higher-order structures are investigated. Given that the molecular
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function of ncRNA may at least be partially conveyed through secondary or tertiary
structures, mining evolutionary data for evidence of such features promises to
increase the resolution of functional genomic annotations.
There is already strong evidence that RNA is subject to secondary structure se-
lection in mammalian species. A handful of RNA secondary structure prediction
tools of various flavours have already been applied to pan-genomic screens (c.f.
Chapter 1). These studies employed EVOFOLD (Pedersen et al., 2006; Washietl
et al., 2007), CMFINDER (Torarinsson et al., 2008), RNAZ (Washietl et al., 2005a,
2007), and ALIFOLDZ (Washietl et al., 2007) to multiple genome alignments asso-
ciated to ENCODE pilot project loci (Birney et al., 2007).
• EVOFOLD implements phylogenetic stochastic context-free grammars to
evaluate how well nucleotide substitutions correlate to sampled secondary
structure topologies (Pedersen et al., 2004). Its predictions are strongly biased
towards conserved genomic sequences and AU-rich alignments (Washietl
et al., 2007). It has recently been applied to alignments of 29 mammals to
help identify several families of structurally homologous RNAs (Parker et al.,
2011).
• RNAZ employs a support vector machine trained on evolutionary conser-
vation and thermodynamic stability scores derived from known structured
RNAs and randomized sequences to emit consensus structure predictions
(Washietl et al., 2005b). It has been reported that RNAZ predicts secondary
structures with a high false-positive rate and a bias towards strong GC content
(Washietl et al., 2007), however it does so with exceptional speed.
• ALIFOLDZ uses the consensus structure prediction algorithm RNAALIFOLD
to compare the score of a native alignment with the distribution of scores from
successively shuffled alignments (Bernhart et al., 2008; Hofacker et al., 2002;
Washietl and Hofacker, 2004). The algorithm also suffers from a high false-
positive rate and slow execution ensued by background modelling through
mononucleotide shuffling (Washietl et al., 2007).
• SISSIZ remedies the above-mentioned specificity problems by generating
dinucleotide-controlled background models via simulation of site-specific in-
teractions across a phylogenetic tree (Gesell and von Haeseler, 2006; Gesell
and Washietl, 2008). Both SISSIZ and the revised version of RNAZ have yet
to be applied to genome-wide screens.
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• CMFINDER, in contrast to other programs, essentially realigns the input
alignment via expectation maximization on covariation models while scoring
predictions through mutual information and thermodynamic metrics (Yao
et al., 2006). The robustness of CMFINDER comes at the expense of com-
putational complexity, a high false-positive rate (v50%), and the need to
manually adjust certain user-defined parameters, including constraints on the
topology of examined structures.
There are also other algorithms that calculate common RNA secondary structures
to a set of orthologous sequences (detailed in Chapter 1). None have yet been
applied to genome-wide screens, presumably given the complexity of the task.
In this chapter, I present the first genome-wide analysis of evolutionarily con-
served RNA secondary structure employing version 2.0 of the unsupervised method
SISSIZ in addition to the revised version of RNAZ. The optimal prediction pa-
rameters exposed in Chapter 3 are extended to a high-throughput genomic screen
via a massively parallel hybrid algorithm that can faithfully detect evolutionary
patterns of structural conservation, thus overcoming some caveats arising from
regions of weaker sequence conservation. This approach exposes millions of novel
genomic loci presenting strong evidence for purifying selection at the level of RNA
secondary structure in mammalian species, while maintaining high specificity and
reasonable computational complexity. All software and data can be downloaded at
http://www.martinalexandersmith.com/ECS.
4.1 OPTIMIZED HYBRID ALGORITHM FOR GENOME-WIDE SCANS
Based on the benchmarking results of RFAM and genomic datasets, I developed
a hybrid algorithm for large-scale comparative genomic elucidation of RNA sec-
ondary structure conservation throughout mammalian evolution using consensus
sequence based prediction tools. The hybrid algorithm processes genomic align-
ments to remove extraneous or deleterious information (such as identical sequences
or high gap content) and submits the resulting overlapping windows to the struc-
ture prediction tool that performs best given the measured sequence characteristics
of the sampled alignment (Figure 4.1.1). In theory, this approach should increase
the sensitivity of genome-wide screens using RNAZ and SISSIZ given their pref-
erences for discrete alignment characteristics in high-confidence predictions.
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4.1.1 PRE-PROCESSING INPUT DATA
The same ENREDO-PECAN-ORTHEUS alignments of 35 eutherian mammals as
described in Chapter 3 were used for genome-wide ECS detection. The large files
(totalling just under 230 GB) were then split into smaller, more manageable files
without breaking syntenic alignment blocks. These smaller multiple alignment
files in maf format can be submitted for analysis individually, allowing for faster
execution when performed in parallel on a server cluster.
Once the hybrid algorithm described below is executed, the input alignments
are optionally realigned with a multi-threaded implementation of MAFFT-GINSI
(Katoh and Toh, 2010) in blocks of 5000 nt that overlap by a length equal to one
window size minus one step size. These settings entail reasonable execution times
and are customizable at launch (in addition to all other mentioned variables). From
testing on a subset of alignments from chromosome 10, employing MAFFT-GINSI
results in a v40% increase in runtime, on average. Next, the alignments are split
into sliding windows of 200 columns that overlap by 100 nucleotides. Identical
sequences are discarded via a hash table, as they do not contain restrained evolu-
tionary variation indicative of constraint on higher-order structures. Sequences with
50% or more gaps and ambiguous “N” characters are also discarded. Alignments
with at least 3 sequences, including human, are additionally reverse-complemented
to consider both transcriptional orientations and the following alignment character-
istics are calculated: MPI, standard deviation of MPI, normalized Shannon entropy,
G+C content, and gap content.
4.1.2 PARAMETER-BASED ALGORITHM SELECTION
Processed alignments are subsequently queried with the appropriate ECS prediction
algorithm concurrently. The underlying ECS prediction algorithm selection param-
eters are as follows: RNAZ is employed when the MPI is above 85%; SISSIZ is
employed when MPI is between 60% and 85%, in addition to when GC content
is below 70%; otherwise, SISSIZ with RIBOSUM scoring is used. SISSIZ with
RIBOSUM is also used when RNAALIFOLD fails to predict a consensus structure
Figure 4.1.1 (following page): Workflow for massively parallel hybrid ECS prediction.
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or when the background distribution of RNAALIFOLD scores produced by SISSIZ
presents a standard deviation below 0.5 kcal/mol, which can produce extreme
Z-scores (Figure 4.1.1). The RIBOSUM variant of SISSIZ generates more paired
bases in the consensus sequence given its heightened scoring of base substitution
patterns, thus is more likely to produce a reliable Z-score than the standalone
version.
4.1.3 POST-PROCESSING
The program outputs an 6 field browser extensible data (bed) file with genomic
coordinates of all predictions, the RNAZ or SISSIZ score in the score field and
sequence characteristics in the name field. These include the aforementioned
alignment characteristics and an additional character describing the ECS algo-
rithm employed to make the prediction. When filtered alignments produce ECS
predictions above the statistical threshold entailing 99% specificity, as determined
empirically with shuffled alignments from chromosome 10 (Chapter 3), they are
saved to a flat-file in CLUSTALW format. The files are named with the associated
bed file entry, with white space characters replaced by underscores. This allows to
easily retrieve the alignments associated with particular bed entries, while recording
alignment statistics at the same time.
MEASURING STRUCTURAL CONGRUENCE
The nature of consensus-based structure predictions does not guarantee that any
given sequence in the queried alignment will form an RNA secondary structure
compatible with that of the consensus. The RNAalifold algorithm does not require
that all input sequences form an exact consensus. Therefore, the human sequence
may not be compatible with the consensus secondary structure that stems from a
primary structure alignment. To measure the prevalence of this phenomenon and
to improve the reliability of RNA secondary structure annotations in the human
genome, I investigated the structural congruence of ECS predictions with respect to
a reference species.
I define structural congruence as the likelihood that an individual sequence is
compatible with the evolutionarily conserved consensus structure. To measure this,
the RNAALIFOLD consensus dot-bracket annotation is extracted for all alignments
that generate high confidence prediction (RNAalifold -r is used for predictions
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generated with the RIBOSUM variant of SISSIZ). The reference sequence is then
processed to remove gaps while the corresponding positions in the consensus struc-
ture are removed, in addition to any incomplete base pairs that may consequently
arise in the consensus structure. Next, the reference sequence is submitted to uncon-
strained partition function folding as implemented in RNAfold -p from the Vienna
RNA package version 1.8.5 (http://www.tbi.univie.ac.at/RNA/) from which
the MFE structure annotation is extracted. The resulting base pairing probability
matrix produced by RNAFOLD is then used to calculate the relative difference in
folding probabilities for both structure annotations in the following manner:
∆P =
RS
∑
i
Sm f e(i)
Sc(i)
(4.1)
with
S(i) =
P(i, j) when base i is paired with base j1−∑BPn P(i,n) when base i is unpaired (4.2)
where ∆P is the ratio of base pairing probabilities, RS is the reference sequence,
Sm f e and Sc are the minimum free energy and consensus structure annotations, re-
spectively, and BP is the total set of paired bases reported by the partition function.
The structural congruence of ECS predictions is calculated two-fold: (i)
by measuring the relative difference between the base pairing probabilities for
the native and unconstrained structure predictions as calculated with McCaskills
partition function algorithm (Equations 4.1 and 4.2), and (ii) by comparing the
thermodynamic stability (free energy) of both folds, a metric akin to the structure
conservation index employed by RNAZ. The relative difference in free energies
is measured as the ratio of the constrained structure’s free energy normalized to
the unrestricted native minimum free energy. A reference sequence (human in this
case) is qualified as structurally congruent to the alignment consensus structure
when both of these ratios are above 0.75 and when either one is above 0.9.
This post-processing program is implemented in concurrent JAVA code and pro-
duces an extended bed file with one line per surveyed alignment, with the following
additional fields:
7. Base pairing probability of minimum free energy structure for human;
8. Base pairing probability of consensus-constrained human structure;
75
9. Base pairing probability ratio (constrained/native);
10. Free energy (kcal/mol) of constrained human sequence;
11. Minimum free energy (kcal/mol) of native human sequence;
12. Thermodynamic stability ratio (constrained/native free energies);
13. Length of prediction (nt);
14. Dot-bracket secondary structure mask of RNAALIFOLD consensus.
4.2 GENOME-WIDE SCREEN OF 35 EUTHERIAN MAMMALS
Executing the hybrid algorithm described herein using default parameters com-
pleted a genome-wide scan in just over 130,000 CPU hours (v15 years) on a server
cluster running portable batch system job scheduling (the University of Queens-
land and Queensland Parallel Supercomputing Foundation). The process yielded
over 4 million alignment windows predicted to contain evolutionarily conserved
structures with an empirically determined false discovery rate of 8.1% (sensitivity
/ 1-specificity) based on the simulated alignments from chromosome 10, which
equates to 65.1 false positives per megabase of surveyed human genomic sequence.
These results provide a substantial improvement from the v50% false discovery
rate of previous endeavours.
The human genome (GRCh37 assembly) was surveyed at 84.1%, producing
ECS predictions that span across 18.5% of the total genome as calculated with
the FEATUREBITS program available from the UCSC genome browser source tree
(http://hgdownload.cse.ucsc.edu/admin/exe/). To exclude the possibility
that sampled windows with short, hairpin-like consensus structures might inflate
this number, the genomic coordinates of all predictions were truncated to exclude
regions flanking the outer-most paired bases from the RNAALIFOLD consensus
structure, yielding a total human genome coverage of 13.6%. This includes 116,657
clusters of 3 or more intersecting predictions, a figure that doubles (224,475) when
including hits falling within 100 nt of any ECS boundary in the same orientation
of transcription (Figure 4.2.1). Upon completion, the algorithm employed SISSIZ
for the bulk of the predictions (30% with RIBOSUM scoring; 43% without), while
RNAz was employed for the other 27%.
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Figure 4.2.1: Size distribution of predicted ECS clusters.
Distribution of the cumulative genomic span of ECS predictions located within 100nt (step
size) of each other in the same transcriptional orientation.
4.2.1 GENOMIC DISTRIBUTION OF PREDICTIONS
With regards to the genomic distribution of hits, the majority of predictions lie
within introns and intergenic regions, as expected (Figure 4.2.2:A). Predictions are
roughly 2-fold enriched in annotated exons, with the highest observed enrichment
observed in protein-coding regions (Figure 4.2.2:B). This is consistent with exper-
imental data from genome-wide RNA structure profiling in yeast (Kertesz et al.,
2010) in addition to observations derived from other computational approaches
(Chen and Blanchette, 2007; Lin et al., 2011; Shabalina et al., 2006). I measured
the prevalence of predicted ECS in non-coding RNA transcripts, defined as any
entry with no annotated coding sequence, from the pre-release of GENCODE
version 11 (Harrow et al., 2006)), concluding that they are enriched for ECSs to a
similar level as coding sequences (Figure 4.2.2:A).
Many ncRNAs have some overlap to CDS regions, including prevalent anti-
sense transcripts (Katayama et al., 2005). Therefore, I looked at ECS enrichment in
Long Intergenic Non-Coding RNAs (lincRNAs); a unique class of ncRNAs that do
not overlap coding sequences. As many lincRNAs are now included in GENCODE
annotations, they automatically become classified as exonic elements and must be
investigated separately. I queried ECS enrichment in the recently reported human
body map lincRNAs (http://www.broadinstitute.org/genome_bio/human_
lincrnas) that contain over 8,000 transcripts identified via RNA deep sequencing
(Cabili et al., 2011). Surprisingly, these lincRNAs display enrichment values some-
what higher than the intergenic background, yet still below the expected genomic
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Figure 4.2.2: Genomic distribution of ECS predictions.
(A) Genomic distribution of predicted structures with respect to GENCODE (version pre-
11) genome annotations (Harrow et al., 2006). Intergenic regions are defined as non-
intronic or exonic regions, CDS = protein coding sequence, non-coding = any GENCODE
entry with no CDS information. (B) Fold enrichment of predictions in various genomic
regions compared to uniform distribution, as defined by GENCODE annotations. UTR+
regions correspond to annotated untranslated regions with 250 and 2500 additional nu-
cleotides flanking the 5 and 3’ ends, respectively. Repeats correspond to the 2009-04-24
update of RepBase (Jurka et al., 2005) for the human genome assembly GRCh37 avail-
able on the UCSC genome browser.
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background (0.9x vs 0.8x) (Figures 4.2.2:B and 4.2.3:B). Although abundant in the
genome, local RNA secondary structure elements do not seem to be a prevalent
functional mechanism that is selected for in the evolution of such molecules, raising
the hypothesis that the function of these long transcripts may arise largely through
positive selection.
4.2.2 OVERLAP WITH KNOWN FUNCTIONAL ELEMENTS
PREVIOUS GENOME-WIDE SCREENS
The resulting trimmed ECS predictions intersect with almost 40% of all conserved
RNA secondary structures reported in previous genome-wide screens (Figure 4.2.3),
all of which are derived from TBA/MULTIZ genome alignments of varying depths.
My analysis recovers slightly over 15% of EVOFOLD predictions (Parker et al.,
2011), which are nearly always completely covered by the ECS predictions ex-
posed in this chapter. Conversely, we recover over 50% of CMFINDER annotations
(Torarinsson et al., 2008) yet their coordinates are not precisely resolved. This
might be a consequence of the alignment re-arrangement performed by CMFINDER
that shifts the position of the consensus structure in human, which explains why
the majority of intersecting predictions present less than 50% overlap between their
coordinates (Figure 4.2.3:A).
Although the predictions from past screens are not entirely recovered, these results
are consistent with past annotations as their intersection is of comparable magnitude
when relative specificities are taken into consideration. The independent alignment
sources, algorithm properties, pre-processing steps and methodologies employed
in these separate analyses also explain why the overlap is not greater. For example,
EVOFOLD predictions are skewed towards lower GC content and are limited to
sequence-constrained regions as identified by PHASTCONS, a phylogenetic hidden
Markov model algorithm for conservation scoring and identification of conserved
elements (Felsenstein and Churchill, 1996; Parker et al., 2011; Siepel et al., 2005;
Washietl et al., 2007). The hybrid algorithm presented in this chapter avoids the
latter by (i) removing identical sequences to optimize information content based on
the premise that strong sequence conservation is sufficient evidence for negative
evolutionary selection, and (ii) by the application of an unsupervised method that
derives predictions without a priori knowledge. Set apart from their higher false-
positive rate, EVOFOLD predictions nonetheless complement the ones reported
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Figure 4.2.3: Overlap of ECS predictions with annotated functional RNAs.
(A) Fraction of predictions from previous screens that partially overlap the ECSs from
SISSIZ and RNAZ disclosed in this study. CMFINDER (version 0.2) predicted RNA
structures are taken from the ENCODE pilot project data (Torarinsson et al., 2008), which
surveyed MULTIZ alignments of 16 vertebrates. EVOFOLD (version 2.0) predictions stem
from the mammalian portion of MULTIZ alignments of 41 vertebrates (Parker et al., 2011).
RNAZ (version 1.0) predictions derive from MULTIZ alignments of 8 vertebrates as re-
ported by Washietl et al. (2005a). Intersections were performed with BEDTOOLS software
(Quinlan and Hall, 2010). (B) Recall of known and putative functional RNAs: EVOFAM
ECS predictions (and paralogs) from 29 mammals (Parker et al., 2011); small nucleolar
RNAs and small Cajal body-specfic RNAs from snoRNAbase 3 (Xie et al., 2007); MicroR-
NAs from miRBase 15 (Griffiths-Jones et al., 2008); transfer RNAs from tRNAscan-SE
1.23 (Lowe and Eddy, 1997); large intergenic non-coding RNAs from the Human Body
Map (Cabili et al., 2011); other structured RNAs corresponding to a comprehensive set of
functional RNA annotations (http://moma.ki.au.dk/prj/mammals/). The red line in-
dicates the expected background coverage (13.6%) by ECSs reported in this manuscript.
80
in this manuscript, which present slightly higher GC content than the genomic
background (Chapter 3, Figure 3.3.1:E). However, higher GC content is also asso-
ciated with longer transcript half-lives in stability assays (Clark et al., 2012), thus
providing additional, albeit unspecific, functional evidence to the computational
predictions produced by this hybrid algorithm.
ANNOTATED FUNCTIONAL RNAS
To further validate the accuracy of the divulged predictions, I measured the overlap
of ECS hits with both known and putative functional RNAs (Figure 4.2.3). Smaller
ncRNAs such as miRNAs and HACA snoRNAs are well accounted for in the
predictions, just as the recently published EVOFAM predictions from 29 mammals
(Lindblad-Toh et al., 2011; Parker et al., 2011). Annotated ncRNAs that are less
well detected include the largely unstructured CD-box snoRNAs and tRNAs, of
which a majority source from alignments that do no pass the algorithm’s filtering
stages. Indeed, 311 of the 625 annotated tRNAs and pseudo-tRNAs in the human
genome (Chan and Lowe, 2009) are associated to alignments larger than 200 nt
that contain less than 3 non-identical sequences, while all other tRNA-harbouring
alignments have a median value of 5 sequences; ECS predictions span across 38.4%
of all nucleotides associated to the latter tRNAs. The low recall of tRNAs is thus a
consequence of the rapid turnover of tRNA genes at individual loci (Rogers et al.,
2010). Overall, the observed recall of annotated functional RNAs is consistent with
the sensitivity of the algorithms implemented in the hybrid strategy (as measured
in Chapter 3) and with the coarse alignment sampling resolution employed, which
most likely does not encompass the boundaries of many RNA secondary structure
elements.
SEQUENCE CONSTRAINED ELEMENTS
I next questioned what proportion of the predicted ECSs overlap known sequence-
constrained elements, which are currently estimated to compose between 4.6%
and 10% of the human genome (Davydov et al., 2010; Lindblad-Toh et al., 2011;
Siepel et al., 2005). For placental mammals, the combined data from these reports
encompass 9.2% of the human genome, whereas the majority (87.8%) of the ECS
predictions reported herein lie outside any annotated constrained elements (Fig-
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Figure 4.2.4: Inclusive overlap between ECS predictions and known sequence-
constrained elements.
SIPHY-merged data corresponds to the combined SIPHY-ω and SIPHY-pi sets from
(Lindblad-Toh et al., 2011). Mammalian PHASTCONS elements were extracted from the
UCSC genome browser (hg19). GERP++ elements for 35 eutherian mammals were down-
loaded from ENSEMBL release 65 (Davydov et al., 2010). Both SIPHY and PHASTCONS
elements are derived from MULTIZ alignments available from the UCSC genome browser,
whereas ECS and GERP++ are derived from ENREDO-PECAN-ORTHEUS alignments of
35 eutherian mammals.
ure 4.2.4). This result substantiates the prevalence of higher structure complexity
in mammalian genomes, while suggesting that previous estimates of purifying
selection undersell the amount of evolutionarily conserved genetic information in
mammals.
The ECS predictions discovered via this approach fall largely outside known
sequence constrained elements, testifying to the predictive power of SISSIZ when
primary sequence conservation is weak. RNA structure algorithms predicated on
measuring base pair covariation events–the telltale idiosyncrasies of functional
RNAs acting through higher-order structures—are impertinent when sequence
conservation is high, where they are superseded by speedier sequenced-based
approaches. The inclusion of RNAZ in the hybrid algorithm is supported by
the poorer performance of SISSIZ when sequence conservation is high, as fewer
mutations do not generate sufficient statistical power required for the underlying
phylogenetic model of SISSIZ.
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When retaining only predictions that are qualified as structurally congruent
with human, the resulting 1,941,247 predicted ECSs, which encompass 6.9% of the
human genome, only cover 4.9% of known sequence-constrained elements. Several
predicted loci are primate-specific, which partially explains the poor overlap with
the ensemble of sequence-constrained elements since the latter consider deeper
alignments. When alignments of 10 or less sequences are excluded, essentially
removing primate-specific alignments, 77.4% of the resulting 688,861 predicted
ECSs nonetheless fail to overlap any locus annotated as evolutionarily constrained
at the level of sequence. Thus, through empirical analysis of thermodynamic
stability and evolutionary patterns of base pair covariation, a revised lower bound
of functional sequence in the human genome can be postulated at around 15.6%
when intersecting conserved RNA structures and published sequence-constrained
elements.
In summary, the findings presented herein provide novel evidence for widespread
functionality acting through RNA secondary structure, under the premise that neg-
ative evolutionary selection is a bona fide indicator of molecular function, in
conjunction with the fact that the majority of the human genome is transcribed.
These results provide an additional layer of support for previous reports advancing
that more than 20% of the human genome is subjected to evolutionary selection
(Asthana et al., 2007a; Pheasant and Mattick, 2007) while suggesting that ad-
ditional evidence for function can be uncovered through careful investigation of
analytically involute higher-order RNA structures. Furthermore, this approach
entails an empirically determined false-discovery rate well below that reported in
previous endeavors (i.e. 8% versus 50-70%) (Torarinsson et al., 2008; Washietl
et al., 2007), further supporting the widespread involvement of RNA secondary
structure in mammalian evolution.
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“With the tools and the knowledge, I could turn a de-
veloping snail’s egg into an elephant. It is not so much
a matter of chemicals because snails and elephants do
not differ that much; it is a matter of timing the action
of genes.”
Barbara McClintock
5
Discussion
THE SURPRISING COMPLEXITY of eukaryotic transcription has been persis-tently unravelled over the past decades through advances in biotechnology.
The functional implications of these findings are still unresolved, principally be-
cause of the vast quantity of data to process and the polyvalent cellular mechanisms
involving RNA (Amaral et al., 2008). This work advances the prevalence of RNA
structure in mammalian transcriptomes twofold: (i) by exposing the structural
properties of specific non-coding RNAs involved in the (dys)regulation of gene
expression, cellular differentiation, and disease; (ii) through comprehensive anal-
ysis of the evolutionary indices of purifying natural selection on RNA secondary
structure. Taken together, these findings add an additional layer of support to the
hypothesis that a sizeable portion of the genomes of higher eukaryotes harbours the
regulatory information required to coordinate the development of one cell into the
trillions that compose highly specialized tissues and systems.
The expanding compendium of classified RNA structures has facilitated the
benchmarking of functional RNA prediction algorithms (Gardner, 2012; Gardner
et al., 2009), yet applying it to quantify structured RNAs in comparative genomic
screens is not a trivial task. In this work, RFAM alignments were used to calibrate
consensus sequence-based RNA structure prediction algorithms with the objective
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of calculating an upper limit for sliding-window predictions on validated data, and
to estimate the experimental error incurred by heuristics for genome-scale multiple
sequence alignment. By comparing both results, it is possible to extrapolate the
approximate accuracy of subsequent genome-wide scans for evolutionarily con-
served RNA secondary structures. For instance, when considering that the average
sensitivity of each algorithm on realigned true positives isv28% (when normalized
to their frequency of usage in the hybrid algorithm), the true proportion of mam-
malian genomes that contain conserved RNA secondary structures is likely to be
well above the baseline 13.6% reported in this work.
The accuracy of such extrapolations depends on the reliability of the true
positive dataset and on how related the catalogued structures are. The covariance
models employed by INFERNAL (Nawrocki et al., 2009) to generate structural
RNA alignments (e.g. RFAM) from evolutionary disparate sequences can be more
permissive to extreme sequence variability than what is observed in sequence align-
ments of a given phylum, potentially leading to divergent results on experimental
data. By breaking down the control data in relation to their sequence charac-
teristics, reproducing sampling biases inherent to the experimental methodology
and emulating experimental data by realigning the input, I set the foundation for
systematic genome-wide investigation of RNA secondary structure conservation
via comparative genomics.
The abundant ECS predictions uncovered in this work are the product of mul-
tiple genome alignments that sacrifice precision in order to accommodate speed
and global orthology. Sequences conserved throughout evolution are typically used
to anchor synteny maps and multiple genome alignments prior to the heuristic
optimization of sequence similarity, which is sufficient to juxtapose orthologous
sequences. I have shown that multiple genome alignments in the twilight zone
(< 60% mean pairwise sequence identity) can generate reliable ECS predictions.
The amount and quality of predictions would nonetheless benefit, at the cost of
higher computational complexity, from realigning input alignments with either
sequence-based programs (Katoh and Toh, 2010; Larkin et al., 2007), algorithms
tailor-made for the purpose (Bremges et al., 2010), or with fully fledged structure
alignment algorithms (reviewed by: Gorodkin et al. (2010); Mathews et al. (2010);
Washietl (2010)).
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Higher resolution of ECS prevalence can also be achieved through use of longer
windows with smaller steps, although the current implementation of RNAZ may
need to be re-trained for this purpose. The recently developed RNALALIFOLD
algorithm, which emits all locally stable consensus structures within a defined
maximal span (Lorenz et al., 2011), would also limit caveats associated to the use
of static sampling windows. Alternatively, the delineation of more accurate bound-
aries for ECS predictions derived from sliding window analyses can be performed
through the application of another recently published tool, LOCARNA-P, which
emits a reliability score derived from a Sankoff-like sequence-structure realignment
with quartic time complexity (Will et al., 2011). This program has been shown to
substantially improve the accuracy of RNAZ predictions. Small structural motifs
are nonetheless functionally pertinent as they are capable of binding specific protein
ligands and of guiding the formation of higher-order structures (Delebecque et al.,
2011; Hogg and Collins, 2008; Westhof et al., 2011).
The current consensus on the general function of lncRNAs is to guide the mod-
ular assembly of ribonucleoprotein complexes, which are then recruited to target
specific genomic loci and regulate their epigenetic states (Chang and Rinn, 2012).
Analogously to protein domains, RNA structure motifs harmonize this model by
providing the diverse modular units required for RNP formation. Although the
millions of putative functional RNA structures identified in this thesis compose
a rich resource for functional transcriptome annotation, their precise functions
remain uncharacterised. One way to achieve this is by clustering high-confidence
predictions into families based on their structural topologies, thus deriving function
via homology; an approach that has been applied to smaller sets of RNA structures
(Parker et al., 2011; Tseng et al., 2009; Will et al., 2007). Using current tools, these
analyses are too computationally complex to be rendered practical on the extensive
set of predictions reported here. An alternative approach to avoid impractical
execution times entailed by the exponential complexity of these methods would be
to first sort the predictions into categories based on their coarse topologies, which
can be done in linear time by inspecting the RNAALIFOLD consensus structures,
then perform structure clustering on the discrete categories.
Recent advances in high-throughput sequencing of chemical- and enzyme-
digested RNA structures (Kertesz et al., 2010; Lucks et al., 2011; Underwood
et al., 2010) and the development of computational tools to analyse the results
(Washietl et al., 2012) open the door to a broader elucidation of the precise mech-
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anisms involving higher-order RNA structures, in addition to high-throughput
validation of in silico predictions. Methodologies using antibodies to enrich RNAs
bound to specific proteins preceding high-throughput sequencing, either per se
(RIP-seq) or subsequent to cross-linking (CLIP-seq), offer the possibility of cat-
aloguing the exact target sites of RNA-binding proteins (Licatalosi et al., 2008;
Sanford et al., 2009). The precise functional constituents of long noncoding RNAs
will strongly benefit from associating experimentally resolved protein-binding sites
with validated RNA secondary structure predictions, potentially revealing a modu-
lar composition of motifs similar to the organisation of protein domains.
The hypothesized modular organization of lncRNAs founded on RNA structure
motifs is consistent with their observed size and regulated processing (Licatalosi
and Darnell, 2010). Furthermore, this view is supported by increasing evidence
that lncRNAs recruit protein cargoes, either as bona fide RNP complexes or as
decoys that attenuate the effect of DNA-binding proteins or mi/siRNAs (reviewed
by Chang and Rinn (2012)). These properties of lncRNAs are compounded by
their potential to interface with specific genomic loci, in cis or in trans. The ge-
nomic localization of lncRNAs can occur through formation of RNA:DNA:DNA
triplexes (Buske et al., 2011), RNA:DNA hybrids known as R-loops (Aguilera
and Garcı´a-Muse, 2012; Wongsurawat et al., 2012), association with DNA-binding
proteins (Jeon and Lee, 2011; Lee, 2009; Zhao et al., 2008), or directly through
complementary binding to nascent RNA transcripts (Moazed, 2009). Accordingly,
RNA secondary structure motifs provide the ideal molecular backbone for this
model from both a physical and evolutionary perspective given their capacities
of sequence-specific, digital regulation and organization of higher-order effector
complexes.
The functional diversity, evolutionary plasticity and abundance of higher-order
RNA structures provide the ideal molecular tool kit to build complex regulatory
networks underlying the adaptive radiation of animals. This thesis reappraises
the amount of functional sequence in mammalian genomes through comparative
genomics by providing further evidence for widespread negative selection at the
transcriptomic level. In the future, the approaches described herein will reveal
more evidence for genome-wide functional selection as they are applied to denser
lineage-restricted genomic comparisons, thus shedding light onto the real nature of
genomic dark matter.
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Appendix I
Summary of full RFAM alignments containing at least one mammalian representa-
tive employed for benchmarking in Chapter 3
RFAM ID Description RFAM ID Description
RF00001 5S ribosomal RNA RF00003 U1 spliceosomal RNA
RF00004 U2 spliceosomal RNA RF00006 Vault RNA
RF00007 U12 minor spliceosomal RNA RF00009 Nuclear RNase P
RF00010 Bacterial RNase P class A RF00013 6S / SsrS RNA
RF00015 U4 spliceosomal RNA RF00017 Eukaryotic type SRP RNA
RF00018 CsrB/RsmB RNA family RF00020 U5 spliceosomal RNA
RF00022 GcvB RNA RF00024 Vertebrate telomerase RNA
RF00025 Ciliate telomerase RNA RF00026 U6 spliceosomal RNA
RF00030 RNase MRP RF00059 TPP riboswitch (THI element)
RF00062 HgcC family RNA RF00080 yybP-ykoY leader
RF00100 7SK RNA RF00102 VA RNA
RF00106 RNAI RF00113 QUAD RNA
RF00115 IS061 RNA RF00125 IS128 RNA
RF00126 ryfA RNA RF00140 Alpha operon ribosome binding site
RF00162 SAM riboswitch (S box leader) RF00166 PrrB/RsmZ RNA family
RF00169 Bacterial signal recognition particle RNA RF00174 Cobalamin riboswitch
RF00182 Coronavirus packaging signal RF00216 c-myc internal ribosome entry site (IRES)
RF00222 Bag-1 internal ribosome entry site (IRES) RF00223 bip internal ribosome entry site (IRES)
RF00224 FGF-2 internal ribosome entry site (IRES) RF00226 n-myc internal ribosome entry site (IRES)
RF00230 T-box leader RF00231 Small Cajal body specific RNA 13
RF00232 Spi-1 (PU.1) 5’ UTR regulatory element RF00259 Interferon gamma 5’ UTR regulatory element
RF00261 L-myc internal ribosome entry site (IRES) RF00286 Small Cajal body specific RNA 8
RF00369 sroC RNA RF00374 Gammaretrovirus core encapsidation signal
RF00378 Qrr RNA RF00387 FGF-1 internal ribosome entry site (IRES)
RF00391 RtT RNA RF00422 Small Cajal body specific RNA 24
RF00423 Small Cajal body specific RNA 4 RF00424 Small Cajal body specific RNA 16
RF00426 Small Cajal body specific RNA 15 RF00427 Small Cajal body specific RNA 23
RF00447 Voltage-gated potassium-channel Kv1.4 IRES RF00448 Epstein-Barr nuclear antigen IRES
RF00449 HIF-1 alpha IRES RF00457 Mnt IRES
RF00459 Mason-Pfizer monkey virus packaging signal RF00461 Vascular endothelial growth factor IRES A
RF00463 Apolipoprotein B 5’UTR cis-reg. element RF00478 Small Cajal body specific RNA 6
RF00483 Insulin-like growth factor II IRES RF00484 Connexin-32 IRES
RF00485 Potassium channel RNA editing signal RF00487 Connexin-43 IRES
RF00492 small Cajal body-specific RNA 17 RF00495 Hsp70 IRES
RF00547 TrkB IRES RF00548 U11 spliceosomal RNA
RF00549 c-sis internal ribosome entry site (IRES) RF00552 rncO
RF00553 Small Cajal body specific RNA 1 RF00564 Small Cajal body specific RNA 11
RF00565 Small Cajal body specific RNA 3 RF00582 Small Cajal body specific RNA 14
RF00601 Small Cajal body specific RNA 20 RF00602 Small Cajal body specific RNA 21
RF00618 U4atac minor spliceosomal RNA RF00619 U6atac minor spliceosomal RNA
RF00621 Beta-globin ribozyme RF00629 Pseudomonas sRNA P24
RF00635 Human accelerated region 1F RF00636 ncRNA Repressor of NFAT
RF01086 Long range pseudoknot RF01118 Pseudoknot domain G(G12) of 23S rRNA
RF01387 isrC Hfq binding RNA RF01417 Retroviral 3’UTR stability element
RF01492 Listeria snRNA rli28
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